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Abstract. This paper presents an approach of using a skill-set based
model representation of student academic ability in order to predict their
suitability for a science degree streamline (i.e Biological, Earth, Math-
ematical and Physical Science). This approach offers an alternative to
conventional university entrance criteria, establishing a means to bet-
ter advice prospect university students on which degree streamline they
are best suited for based on their displayed abilities. This will assist in
the measures taken to reduce student attrition at universities. Student
skill-sets are composed of pre-college marks (high school leaving results
and National Benchmark Test scores) and home language. The compo-
sition of skill-sets is based on key student abilities associated with stu-
dent university performance, these are characterised as follows: Mathe-
matical Ability, Computer Proficiency, Academic Literacy and Language
Communication. The best performing prediction model proved to be the
Random Forest classifier which gave an accuracy of 95 %. This research,
conducted at a South African research intensive institute, shows that
skill-sets can be used as an alternative to current university entrance
requirements as they provide a more holistic view of a student’s ability.
With the advent of machine learning, this study also demonstrates the
capabilities of data mining in education as viable solutions to the student
attrition problem with skill-sets giving a more holistic representation of
the students capabilities making for better classification predictions.

Keywords: Data mining, Student attrition, Classification models, Skill-
set, Machine Learning
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1 Introduction

The current entrance requirements and acceptance criteria used by South African
university institutes employ a technique that does not evaluate student suitabil-
ity for a degree program substantially. This is evident when investigating the
attrition rates of students at tertiary institutes. With the use of admission point
score (APS) as a means of student acceptance within degree streamlines, it has
been found that only roughly 30% of first-time students are able to graduate and
obtain their degrees after a five-year period [11,2]. In order to aid the student
admission process and offer specific intervention support for incoming students, a
practical model that better represents the capabilities of students is needed. The
APS system works by assigning scores to seven selectively chosen subjects taken
by a student, these scores are calculated using a discretized approach where a
subject mark is given a point score if it is within a certain range and we see the
loss of information and causes student ability misrepresentation. As an alterna-
tive to the flawed conventional APS entrance criteria, we propose a more bespoke
model to represent a student’s ability. One that characterises a learners ability as
skill-sets in-line with practical university requirements. The basis of the model
approach used in this research was inspired by the student attrition model pro-
posed by Tinto [13] and we we made adjustments to the original model to form
the conceptual framework that this research paper encompasses, illustrated in
Figure 2. Based on this underlying scheme, we define the composition of each of
the skill-sets, and each of them incorporates pre-college marks. With this study,
we investigate the feasibility of using a model composed of a students skill-set,
and subsequently use this to predict their success in a particular Science degree
streamline. The four Science streamlines are partitioned as: Biological, Earth,
Mathematical and Physical Sciences. The skill sets are composed of high school
results, National Benchmark Tests(NBT) and biographical data. The purpose
of this research is to be able to assist students in making decisions on which
degree they are most likely to be successful in, based on their skill-set charac-
teristics. This can model be used by university administration staff, bursaries
and scholarship sponsors to identify academically challenged students and more
specifically, identify the additional assistance the student will require based on
the skill set characteristic that fall short of. Different forms of support can then
be provided to the student to improve their prospects of success [11]. The last
major contribution of this research is the inception of an application that can be
used by students in finding out their probability of success under the different
Science streamlines based on their attributes that form the skill-sets representing
their displayed abilities [8]. A range of machine classification models were cho-
sen and trained on the data, namely Decision Trees, Decision Tree Naive Bayes,
Multi-layer Perceptron, K-star and SVM. In the next section, we will provide a
in-depth review of recent literature on the evaluation of students’ skill-sets and
how they are used as predictors in higher education institutions.
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Table 1: Description of abbreviations used in this research paper

2 Related Work

A student’s entry academic characteristics influences their success, failure or
withdrawal from a particular degree [5]. Based on a student’s pre-college aca-
demic results and demographic background attributes, researchers have made
attempts to identify under-prepared students in order to initiate the facilitation
of intervention programmes that can help curb the attrition rate. Recommender
systems based on educational data are capable of revolutionising the college ex-
perience of students for the better, if the students are guided into fields they are
best suited for [12]. Current university entrance criteria is based on APS and
key subject marks thresholds. Contrary to common misconception, meeting the
admission requirements does not necessarily mean the student is suitable and
equipped enough to successfully complete the degree program [14]. The high
attrition rate demonstrates how ineffective the current entrance criteria is.

South Africa is undergoing transformation to address the social hindrances
of it’s political past, as part of the ongoing process, access to higher education
has increased to cater for new groups that were previously excluded. With this
transition, there has been a gap in the career guidance and support made avail-
able for many new students. As part of this research, we ask to what extent the
high school student attrition rate is due to the misalignment of student academic
skills and degree streamline? Can prospective students with limited knowledge
on degree streamlines be guided into selecting career paths that they are better
suited for and have a higher chance of success based on their displayed academic
strengths? In this paper we present a method to solve this issue by proposing
the use of a learner skill-sets as indicators of their academic ability in order to
predict their suitability for a degree. Introducing a system that can predict stu-
dent suitability and prospect in a degree streamline would be beneficial to both
the student and the learning institute.
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The application of machine learning predictive models on university student
data is capable of providing vast insights into the correlations that exist between
student performance at university and their academic performances prior to
university. These predictions are particularly useful in aiding students in the
decision making process of selecting a degree to study towards based on their
academic results pre-college.

This research work is based on other studies that have, in different ways,
investigated the link between some degree streamlines and key high school sub-
jects capable of predicting student performance. For instance, it has been found
that there is a strong relationship between high school maths results and univer-
sity performance in computer science [5]. This can be attributed to the fact that
computer science is based on problem solving ability which is well measured by
mathematical ability.

Previous research in the prediction of student performance has found that
there are certain factors that can be used as predictors of success, particularly
previous academic results and biographical data [2]. We will be adding to this
research field by using machine learning algorithms to assist in weighing the
contributions of each of these factors when making predictions on student per-
formance. Research in using data mining in education allows for more efficient
use of resources in order to understand and predict student performances better
[1].

There have been several implementations of machine learning classification
models in the education space. Here we report on the findings of other researchers
in the line of work closely related to this research. We compare the the approaches
and factors used by the researchers in their relative studies. Background relates to
authors who have used the students family attributes and demographics. These
range from gender, age, schooling quantiles and their spoken languages.[7,?] In-
dividual attributes include measures such as the learners interest in their studies,
motivation and support structures they are exposed to. The students interaction
with other peers. Schooling refers to the pre-university schooling of the student.
Social system relates to the social aspects a student is exposed to such as com-
mon behaviour they are exposed to. These factors are qualitative and are not
always commonly used, however some authors argue they provide more insight
into the students [6].

In the related work we found that the best performing model was the SVM
with an accuracy of 97%. Other researchers also used SVMs and confirm that
they are capable of producing viable performances when used in used in contexts
of predictions in educational data [15].

In some instances, suggestions are made to adopt the integration of mul-
tiple classifiers in order to make the predictions as this offers the best model
performances when predicting student performance [9]. Table 2 compares the
approaches and performances of the related work investigated in line with this
study.
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Table 2: Literature Resources - Key contributions

2.1 Conceptual Framework

Figure 1 depicts conceptual framework that our structuring is based on. This an
extension of a model proposed by Tinto[13]. In the original model, the relation
of factors that affects a students decision to dropout are outlined. These are
found to stem from the individuals own attributes that are linked to their family
background and pre-college schooling. This then influences their goal and com-
mitment which affects their grade performance and intellectual development. In
our adoption of this model, we outline the fact that the individual’s attributes,
the type and quality of pre-college schooling along with family background influ-
ences the pre-college marks of the student. In this research, we link the student’s
marks with a related skill-set attribute, these identified skill sets then determine
if the student will be able to fulfil degree requirements. Parallel to that, a stu-
dents characteristics influences how well they will be able to integrate with the
social structure of college. All of this in turn affects the students final perfor-
mance and attrition.

2.2 Skill-Sets Rationale

The readiness theory states that a prospective students readiness can only be
evaluated by understanding the demands and expectations of the environment
and field they are heading into [6]. The use of skill-sets is in alignment with this
notion as the composition of skill-sets is based on key qualities necessary for
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Fig. 1: Applied Conceptual Framework

university success. Below we describe the value and consequent justification for
the use of skill-sets as utilised in this study.

Mathematical Ability Mathematics is particularly useful in evaluating a stu-
dents problem solving ability [6]. Mathematical concepts introduced in high
school form the fundamentals for a science degree, thus a students performance
at that level can help gauge how they might grasp to conceptual application and
thinking involved in a science degree. Mathematical competency demonstrates
ones reasoning and ability to think systematically and logically. These skills are
useful to measure a students lateral thinking ability, which is particularly useful
for finding solutions to problems in the most dynamic of environments.

Language Communication Characterised by Language marks, the number
of languages studied, looking at the marks of the home language studied by the
student, weighing the mark based on which level of English was studied in high
school and the NBT English mark. The ability of a student to be able to inter-
pret communication as well as to express themselves depends on their language
capabilities and confidence. The medium of teaching at the evaluated university
is English ,this means in order for a student to cope, they need proficiency in
English to be able to engage with lecturers as well as peers. Being able to engage
in constructive and critical dialogue allows for the sharing of thoughts and ideas
which allows for better learning and understanding of course material. It has
been found that a students ability in the main language of instruction in educa-
tion influences their academic and career progress [4]. As part of this research
we use language as one of the skills evaluated because it represents the students
displayed ability and familiarity with English and using it for academic reading
and reasoning.
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Computer Proficiency Computers have become increasingly used as a medium
of interaction for students and lecturers, they are more importantly a tool for ob-
taining further resources from the internet. One measure of how much a student
has engaged with computers would be their marks in either Computer Appli-
cation Technology (CAT) and Information Technology (IT). Exposure to those
technical skills is useful for students given that students will primarily be engag-
ing with computers either to access course material or the perform research and
complete assessments.

Academic Literacy Writing Ability factored from general marks gives an
overview of the students writing ability and manner in which they are able to
perform generally under formal writing assessments. One powerful contributing
result for this factor will be the NBT, since these are assessments that one can-
not necessarily prepare or study for unlike conventional schooling assessments.
The assessment methods used at university mean that one of the most important
skills is ones ability to write accordingly and effectively express themselves. Ar-
ticulation, the ability to effectively explain information and Academic Literacy
skills are essential for success in university , because of the high level of academic
assessments student undergo. [3]. We incorporate life orientation in this skill-set
as this has social aspects taught to learners that influences their academic ability
at university

2.3 Methodology

The intended purpose of this research paper is to evaluate the use of students
pre-college results and home language to form skill-sets that can be used as pre-
dictors of success in Science degree streamlines. The Science degree streamlines
are characterised into four major groups, namely; Biological Sciences, Earth Sci-
ences, Mathematical Sciences and Physical Sciences. Learner academic ability is
represented by skill-sets as follows: Mathematical Ability, Computer Proficiency,
Academic Literacy and Language Communication.

The data used to train and evaluate the classification models was taken from
a South African research intensive institute. The classification models are used
to predict student degree completion by streamline based on observed skill-set
attributes.

From the exhaustive list of different machine learning paradigms, in this
research we make use of: Bayesian, decision trees, deep learning, instance based,
ensemble and functional models. The performance of the different models under
each of these domains were evaluated using confusion matrices, and the best
performing models under each paradigm were selected and are reported on in
this paper.

The components of this section are presented as follows: Section 2.1 describes
how the data used was collected along with a comprehensive description of the
initial structuring of data . Furthermore, we describe steps undertaken to perform
the pre-processing to our data structure to remove unwanted data instances.
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The subsequent subsection discusses the composition of student skill-sets from
the learner’s pre-college attributes, this is then followed by an analysis of the
contribution each of the skill-sets provide when used as a predictor for students
success. Section 2.2 outlines the generic implementation of the machine learning
classification models and an overview of the evaluation metrics used.

Data Analysis and Pre-processing In this paper, the data of students en-
rolled at a South African Research-Intensive Institute between the years 2008
and 2018 was used. This time frame was chosen because it was the time at
which a new education curriculum was introduced nation wide, the National
Curriculum Statement (NSC). The data, consisted of the students pre-university
entrance results, demographics and with final outcomes/ results (graduation or
failure/attrition).

The data received was presented as two types of table sets. The first set had
students Matric Results and the Second had university course registration. In
both structures, each table represented an academic year. For each year, all the
undergraduate students enrolled in the faculty of science are represented. The
set of course registration tables include all the courses and results the student
was enrolled in for that year and their final academic outcome for the year.
The matric results set of tables is linked to the previously mentioned such that
it represents pre-college academic results and biographical data of all students
enrolled in that particular year. In each of the tables a student is identified by
an encrypted equivalent of their student number ensuring that student privacy
is protected for ethical integrity.

The first step was to determine for each student, which of the four streamline
groups they are a part of. The science degree streamlines are characterised into
four groups, namely Mathematical Science, Physical Science, Biological Science
and Earth Science. This was achieved by using a probabilistic model approach
based on the subjects the student was enrolled for. Certain subjects are indica-
tive majors that influence the probability of the student being in specific science
streamline. The highest probability of the four was then taken as the classifica-
tion of the streamline group of the student. Students with with majors that were
inconclusive in determining their degree streamline amongst the four were left
out in the final data set. This was because we found that some students were
enrolled under science yet have many cross faculty course enrolments making it
difficult to classify their degree streamline with the Science Faculty.

The next step was to extract for each student their available pre-college
(Grade 12) subjects taken and results along with NBT results where applicable
since taking the NBT is not mandatory for incoming students, this component of
the data was not available for all students in the data set. The single biographic
feature taken was the students spoken home language. Finally for each student
we determine their final qualification outcome, this is the final outcome measure
of success we are interested in for the research. This is identified using the final
outcome of their final year of study, or conversely the absence of a final year or
other years, indicating student attrition and failure to obtain their degree.
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In order to ensure that the model predictions are not biased based on the
number of instances of target classes used to train and test the data, we used an
under-sampling technique to balance the number of observations for each target
class[10]. We ended up with 342 instances for each class.

Table 3: Breakdown of extracted student table csv

Composition of Skill-sets Based on the outlined properties of each of the
skill-sets mentioned in section 2.3, we classify student marks into respective
skill-sets to profile the students ability. Table 4 outlines the composition of skill-
set in term of the observed subject marks below. Each mark is associated with
a weight based on the subjects impact relative difficulty in comparison to other
similar subjects. Due to the variation in grade 12 subject names we found in the
data structure, it was necessary to identify subject codes comprehensively.

The mathematical ability of a student is primarily based on the students
Pure Mathematics mark, students who alternatively took Mathematics literacy
have the contribution of that mark at a much lower weighting. Additional math
subjects are weighted slightly above the NBT Math as their presence shows an
additional exposure to mathematical concepts. 0 ≤ Skill-Set Value ≤ 100.

The language communication ability places emphasis on English, as this is
the medium of communication at South African universities therefore it takes
precedence. An additional biographical data attribute is included which is the
mother tongue or spoken home language of the student. The NBT AL, Academic
Literacy is included here and not as part of the academic literacy skill-set due
to fact that upon close investigation the structure of the assessment actually
evaluates a students ability to read and interpret instruction, that level of com-
prehension involved is a measure of the students English language interpretation
and understanding which consistent to how university tests and examinations
would be structure requiring a similar level of insight and interpretation.

Familiarity to computers influences the experience the student may have en-
gaging with technology during their time at university especially since online
platforms are more widely used for resource access and the submission of mate-
rial. Information Technology is a lot more technical than Computational Applied
Technology therefore it has been given a slightly higher weighting.
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As part of the academic literacy skill-set we incorporate the students all other
marks, this is to provide an overview of the student general academic ability. An
incorporation of the life orientation mark is due to the importance of life skills as
part of social skills that influence the ability of the student to adjust to university,
should be called life skills and academic ability.

Table 4 below shows the established weighting of each of the contributing
marks for the four respective skill-sets.

Table 4: Skill-set mark composition weighting

Applying Classification Models In this study we utilized 6 off the shelf ma-
chine learning classifiers, namely Bayesian Network, Decision Trees, Multilayer
Perceptron, Bagging, Support Vector Machine and K-Star, using 10 fold cross-
validation with each classifiers.A total of 1026 student records were extracted
and used by the models. Initially the class representations were imbalanced, to
ensure that the accuracy performance of the classification models is not biased,
we used under-sampling to balance the classes ensuring that there was an equal
representation of each one. In each class of qualified, late qualified and fail there
were 342 instances, thus making it a total 1026 records used for the implemen-
tation of the approaches described below. These classification models will be
evaluated using a confusion matrix and consequently the accuracy of the model.

2.4 Ethics Clearance

The permission for the data used from a South African Research Intensive Insti-
tute, was obtained through the human research ethics committee, under clear-
ance certificate protocol number H19/09/24.

3 Results and Discussion

This section presents the results of the classification models used in this research.
We train and tested the models to predict the university outcome of a student
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based on their skill-set attributes for respective degree streamlines. In subsection
3.1 the performances of these models are presented using confusion matrices.
Subsection 3.2 provides analysis of the performance of the models with the use
of graphical Interpretations particularly ROC Curves and a standard bar graph
for an illustrated comparison of the accuracy of models. Subsection 3.3 Provides
an analysis of the information gain provided by each of the skill-sets when making
classifications.

3.1 Classification Models Predictions

Figure 3 illustrates the confusion matrices of the six selected classification mod-
els Figure 3(a) illustrates the confusion matrix of the Random Forest classifier,
which achieved accuracy of 95% which makes it best performing classifier. Figure
3(b) illustrates the confusion matrix of the K-Star classifier, which achieved ac-
curacy of 93% being the second best performing classifier. Figure 3(c) illustrates
the confusion matrix of the Naive Bayes classifier, which achieved accuracy of
78%, which makes it the worst performing classifier. Figure 3(d) illustrates the
confusion matrix of the Multi-Layer Perceptron classifier, which achieved accu-
racy of 91%, which makes it the best performing classifier with the exception
of Random Forest, K-Star and Logistic Regression. Figure 3(e) illustrates the
confusion matrix of the J-48 classifier, which achieved accuracy of 88% being the
worst performing classifier with the exception of Naive Bayes. Figure 3(f) illus-
trates the confusion matrix of the Logistic Regression classifier, which achieved
accuracy of 92%, which is the best performing classifier with the exception of
Random Forest and K-Star.

The Random Forest classifier was the best performing classifier due to the
fact that it is ensemble model that consist of decision trees, so scaling of data
instances doesn’t matter, to avoid overfitting they sample random subspaces
in the data coupled with bagging. The Naivee Bayes classifier was the worst
performing classifier because of the inaccurate data instance attribute association
probability estimate.

Fig. 2: Confusion Matrix breakdown
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(a) Random Forest - 95% Accuracy, Correctly iden-
tified 731/762 labels
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(d) Multi-Layer Perceptron - 91% Accuracy, Cor-
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tified 674/762 labels
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(f) Logistic regression - 92% Accuracy, Correctly
identified 707/762 labels

Fig. 3: A set of confusion matrices describing the performance of several clas-
sification models on a set of test data. Each classification model’s accuracy is
indicated along with the correctly and incorrectly classified instances.

3.2 Information Gain Attribute Evaluation

In this subsection we compare the entropy rankings of each of the skill-sets in
order to establish how well each of them contribute to the classification of student
final outcomes. This is also to investigate how much influence a skill-set has in
the final university outcome prediction of a student. The rankings and results
are tabulated in table 7 and depicted as a line graph in figure 7.

With this investigation We found that learner writing ability significantly
has the highest information gain, followed by Mathematical ability. Language
and Computer Proficiency were the least ranked so much so that they could be
interpreted as interchangeable.

3.3 Skill-set attributes across streamlines

In this subsection we investigate how the skill-set values are distributed and differ
across the different degree streamlines. Figure 4 depicts the box and whisker plots
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Table 5: Entropy ranking of features

of students a) who have qualified and b) students who have failed to qualify and
obtain their degree.

Through the investigation of these box plots we found that students who
failed have Maths ability medians that are relatively close. Contrary to initial
assumption made before the inception of this study, maths ability does not im-
mediately distinguish student who will fail or pass. When looking at language
and communication as a skill, failed Students in Physical Sciences have higher
communication then qualified students, this can be interpreted it meaning the
students who failed likely speak more languages than those that qualified.

Fig. 4: Box and Whisker Plot of Skill-set distribution by Degree Streamline

4 Conclusion

In this work we used learner skill-sets to represent their academic ability when
entering university. With this model approach investigated in this research pa-
per we attest that it is a viable alternative to the conventional APS entrance
criteria. We introduce this configuration in contestation of the conventional APS
model in order to evaluate a students suitability for a science degree streamline.
The purpose of the model adopted is to better represent a students abilities.
This approach gives a more holistic view of what the student is capable of in
the academic space. Skill-sets are a means representing characteristics with the
advantage of being able to identify early on any aspects the student may be
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Fig. 5: App Prototype

lacking in for possible intervention and support unlike the APS approach which
gives no such insights. The contributions of this body of work include a com-
prehensive evaluation and comparison of the best performing machine learning
classification models. These algorithms identified are capable of predicting stu-
dent suitability for a degree streamline providing a means to for-see and prevent
student attrition. The best performing classification model achieved an accuracy
of 80.4% which is in close proximity of some of the related work reviewed. Fur-
ther contributions of this study include the analysis of skill-sets in terms how
they each contribute to the prediction process of student outcome. We evaluated
the information gain, also referred to as entropy, of each of the skill-sets. After
finding the entropy values of each of the skill-sets as feature we then ranked them
accordingly. We found that a students writing ability had the highest entropy
followed by math ability. The other two skill-sets had entropy values that was
significantly lower yet close to each other, thus we concluded that the last two of
language communication and computer proficiency can be interpreted as being
interchangeable. The last major contribution of this paper is to have the best
performing classification model, Random Forest, as the back end functioning of
a proposed application prototype shown in figure 8. This application is aimed
at prospective university students intending to pursue a career in the sciences.
Limitations faced in this paper were that there was a period in time where there
was a political unrest in the country that affected students academic perfor-
mance and also the discretization of classes can lead to misclassification because
realistically classes can be modelled continuously.
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