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Abstract. Accurately predicting students performance is useful in the
higher education sector, and one key area of application would be the op-
timal placement of students within a university program. The main aim
of this study is to propose an alternative approach into how students
are admitted into universities as opposed to the traditional APS system
for admission. To achieve this, we features like a student’s background,
individual and pre-college information and make use of six off the shelf
machine learning classifiers, namely Random Forest, the K-Star Algo-
rithm, Naive Bayes, a Multi-Layer Perceptron, the J-48 Decision Tree
and Logistic Regression where we achieved accuracy of 95%, 93%, 78%,
91%, 88% and 92% respectively. These models can then be used to facil-
itate student placement. We also illustrate a relationship between back-
ground, individual and pre-college attributes of a student to academic
performance in this paper. We makes use a feature extraction technique
(Principle Component Analysis [15] to select the optimal number of fea-
tures to feed into our 6 predictive models. The traditional method of
aggregation of high school marks to deem whether a student has the
ability to pass a specific curriculum is rejected. We argue that a more
student centric system that looks at incorporating the students back-
ground, individual and pre-college attributes is needed in order to place
the student in an academic program that will maximise the possibility
of passing in minimum time.

Keywords: Machine Learning, Student Success, Student Characteris-
tics
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1 Introduction

In South Africa and many parts of the world, education is seen as a gateway
to great employment opportunities and financial freedom. The authors in [17]
reported that approximately one million students complete high school each year
and approximately one fourth go on to university. This is a great opportunity for
students, however 29% of first year students either fail or drop out or repeat first
year of study [3]). This is due to several factors including academic performance,
personal circumstances, pre-college education or misalignment with the academic
curriculum.

This paper uses the conceptual framework of [24]. The [24] model of student
attrition is regarded as one of the most credible student attrition conceptual
frameworks found in modern literature. The author in [24] states that an indi-
vidual’s academic performance is a product of their Background, Individual and
Pre- College characteristics and further adds that these three defining character-
istics determine an individual’s ability to set academic goals and stick to them.
[24] also goes on to stress the importance of a good social life and involvement
in university activities outside of the class to be a key success factor in students
success.

The problem that we are challenged with however, is taking a student’s back-
ground, individual, and pre-college attributes and providing the student with the
optimal academic path for them to pursue at university. This can be achieved by
gauging the "Risk Profile" of a student within a particular academic programme.
We can then suggest or offer the student with the academic programme choices
to minimise their "Risk Profile". A student is classified into three different "Risk
Profiles". The risk profile is then used to assess whether a student will experience
difficulty within a particular academic programme (Table 1).

Table 1: Description of the Risk Profile Assigned to a Student

Risk Profile Risk Description
Low Risk Completed qualification in three years (min time)

Medium Risk Completed qualification but took more than 3 years
High Risk Failed to obtain a qualification

A “Risk Description" is used to allocate a "Risk Profile" to a particular stu-
dent (the process used to label training data). Various machine learning models
are trained to identify a student’s "Risk Profile" using their own background,
individual and pre-college attributes based of historical data.

This study looks at students within the field of Earth Sciences at a research
intensive university in South Africa. The field of Earth Science exhibits a unique
characteristic- of the data collected, 45.5% of students within the Earth Sciences
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pass the first year of university. This is considerably higher than the 29% found
at the same university in another study [2].

This study uses data from 2010-2016 as this interval enables us to examine
student attrition across a student’s full 3 years towards a Bachelor of Science
degree. It was noted that during 2010 - 2016, there were an estimated 1400
students that registered within the Earth Sciences; but only 770 entries were
usable in this study (due to data quality issues such as missing values). The
percentage of the students from 2010 to 2016 according to "Risk Profile" are as
follows: Low Risk comprises of 16%, Medium Risk comprises of 61% and High
Risk comprises of 23%.

It was noted that 84% of the students admitted to a course within the Earth
Sciences do not complete the course in minimum time, although Earth Sciences
graduated 77% of their student intake within this period. This highlights the
importance of using the Earth Sciences data set for the study as we can infer to
characteristics that make students successful within the field.

Currently the only means of gauging suitability of a student to an academic
program is through the use of pre-college attributes, specifically high school
academic performance. This includes the raw matric marks and a cumulative
admission point score (APS). This metric does not factor in any of the back-
ground and individual attributes of the [24] framework, but just incorporates
the pre-college academic performance input.

The authors in [4] noted that there are inaccuracies when using only the APS
score as a means of a gauging student performance. It was found that there is
an overlap between failing students and passing students with high APS scores.
This proved that an additional metric is needed to gauge student performance.

The purpose of this study is to explore the relationship between background,
individual and pre-college attributes to learner attrition, specifically we look to
make use of this relationship as a means of advising students on the most suitable
academic program for their own individual characteristics and personality. Ad-
ditionally, the study uses the background, individual and pre-college attributes
to classify students into low, medium and high risk profiles, which informs the
proposed academic path

In the study, we trained 6 predictive machine learning models. The models
trained include: a Random Forest, the K-Star Algorithm, Naive Bayes, a Multi-
Layer Perceptron, the J-48 Decision Tree and a Logistic Regression. The models
classify a student into one of the three "Risk Profiles" using the student’s back-
ground, individual and pre-college attributes as features. We then evaluate the
student’s "Risk Profile" across multiple "plan codes" to evaluate their suitability.

A key attribute used in the study is the student "plan code". The plan code
is the academic program that a student is enrolled for. A possible method of
evaluating a student’s performance in a specific plan would be to measure the
student’s "Risk Profile" across multiple plan codes. We then recommend a plan
code to the student, where the student’s risk profile was the lowest.

We have used confusion matrices to measure the performance of each of the
six models and have applied Correlation Coefficient, Information Gain (Entropy)
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and Principal Component Analysis (PCA) to the "Risk Profile" as a means of
feature selection and extraction before modelling. It was found that a Random
Forest classifier trained on three classes was the most accurate. The Random
Forest obtained an accuracy of 95%, which was closely followed by the K-Star
algorithm with an accuracy of 93% and then Logistic Regression at 92%.

This research contributes towards a greater understanding of student attri-
tion in South Africa and provides a framework to study student attrition. The
research also highlights an additional mechanism of informing students of their
potential and risks within a particular academic program.

The remaining sections of the paper is structured as follows; Background and
Related Work within the field of student attrition, the Methodology used for this
study (Data Pre-Processing, Feature Selection and Extraction), the evaluation
of the models and Conclusion.

2 Background and Related Work

Institutions of higher education in South Africa have faced quite a few challenges
in recent years. These challenges include demographic and economical inequality
amongst students and poor academic performance. With the increased unem-
ployment rate in South Africa, the author in [17] has emphasised the importance
of post high school qualifications and concluded that a post high school qualifi-
cation is advantageous in finding a job. In subsection 2.1 we look into how the
student attrition rate at universities is linked to a student’s background, individ-
ual and pre-college attributes, followed by outlining the conceptual framework
used in this study in subsection 2.2. In subsection 2.3 we do a comparison study
of all the models used across different literature on student performance in higher
education.

2.1 Link Between Student Attrition and Background, Individual
and Pre-college Attributes

If you pick two students from a South African university at random, student A
and student B, chances are that you will find that they both come from very
different backgrounds. You may find that student A is supported emotionally
and financially whilst student B may be supported emotionally but may not
have the finances to pay for three years at university. This has an impact on
student B’s academic performance. The authors in [8] found that students who
had families with absolutely no financial flexibility and who were in frequent
financial crisis found it hard to be a university student, and it took a toll on their
academic progress and the Condy in [11] found that a large number of students
drop out for a range of reasons which include poor programme choice, social
circumstances and financial reasons. Student performance is also influenced by
their biographical associations and previous performance among other factors
[3]. Campbell and McCabe in [7] look into the realm of students completing a
degree based on their high school marks or SAT scores and they found that high



Using Student Characteristics to Promote Student Success 5

school rank (school quintile) or the quality of education taught at a high school
level has a definite impact on the student’s first year performance. Many of
the characteristics such as family background (emotional and financial support),
previous schooling, social circumstances and emotional state are all subsets of the
three main attributes proposed by Tinto in [24] which are as follows: Background,
Individual and Pre-College attributes.

2.2 Conceptual Framework

In this study we adapt the conceptual framework proposed by Tinto in [?]. The
framework examines the link between Background, Individual and Pre-College
attributes to student attrition.

Fig. 1: Tinto [1975] model of student attrition which relates a student’s Back-
ground, Individual and Pre-College attributes to success/failure at university.

The conceptual framework in Figure 1 contains three core input compo-
nents: Family/Background, Individual and Pre-College Attributes. The frame-
work speaks to the student’s ability to set academic goals, their intellectual de-
velopment and the ability to integrate into the social aspect of university. Tinto
in [24] found that an improved goal commitment led to academic success and
that social integration into the academic community produced strong academic
results leading to a pass.

The three input attributes of the conceptual framework have proven to be
good indicators of student attrition by multiple authors. Campbell and McCabe
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in [7], utilised pre-college attributes i.e. the student’s math, science and english
SAT scores were used as means of predicting student performance. Ibrahim and
Rusli in [14] performed a correlation coefficient analysis, and reported that a cor-
relation of 0.87 on average between subjects, school characteristics and financial
status in relation to success or failure at university.

Adams and Radix in [1] evaluated student’s enrolment characteristics, they
concluded that the level of success or failure could not be predicted using just
enrolment information.

2.3 Comparison of Machine Learning Models used in Literature

In this section, we evaluate different machine learning models and techniques
used to predict student attrition across different literature.

Decision Trees are one of the most used classifiers when dealing with inductive
inference. It is a method of approximating discrete-valued functions. They are
robust to noisy data and capable of learning disjunctive expressions. Decision
trees classify instances by sorting them down the tree from the root node to
some leaf node, which provides the classification of the instance [19]. The best
performing model in this study is the Random Forest which is an ensemble of
decision trees.

A Bayesian network can be described as a probabilistic graph model whereby
the nodes represent random variables and the edges represent conditional inde-
pendence assumptions. They provide a compact representation of joint probabil-
ity distributions [2]. Bayesian networks are ideal as they can take an event that
has occurred and calculate the probability of several known causes. We can then
find the main contributing factor (i.e. what caused the outcome of a situation).
The Naive Bayes model utilised in this study makes use of Bayesian Inference
to deduce its results.

Thai-Nghe et al. in [20] compares the performance of a Decision Tree to
Bayesian Network and they found that the performance of the decision tree was
better than the bayesian network. We cannot assume that a decision tree would
necessarily outperform a bayesian network, this is due to the vast difference in the
dataset, number of observations and experiment configuration. A key take away
from Thai-Nghe et al. in [20] is that the study contains 20 492 observations, of
which 9765 observations are part of one class meaning that there is a large class
imbalance. The dataset contained the classification labels of ‘failed‘, ‘fair‘, ‘good‘
and ‘very good‘. This caused the model to potentially only classify students
within the majority class with high accuracy.

Table 2 is a summary of the model performance examined in current litera-
ture. We have purposely selected literature that contained all 3 of the attributes
in [24] to use as a measure of baseline performance.

After examining current literature, we can conclude that there is definitely
a link between student attrition and the personal characteristics of a student.
The papers [8,17,11,14,?,24] have provided strong evidence of the relationship
and serve as good baselines for this research. In the following section, we will
provide in-depth insight into the methodology utilised in this paper.
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Table 2: Predictive Model Scores in Current Literature. Key: BG = Background;
IN = Individual Attributes; and PC = Pre-college Grades

Paper BG IN PC Model and Accuracy
[Osmanbegovic and Suljic 2012] X X X Naive Bayes - 76%

[Romero et al. 2012] - X - Decision Tree - 76%
[Osmanbegovic and Suljic 2012] X X X Neural Network - 71%

[Thai-Nghe et al. 2007] X X X Decision Tree - 86%
[Thai-Nghe et al. 2007] X X X Bayesian Netowork - 78%

3 Methodology

In this study, we use background, individual and pre-college attributes to predict
the "Risk Profile" of a student. There are three different "Risk Profiles" in this
study. The first is Low Risk - completed qualification in 3 years (minimum time),
Medium Risk - completed the degree in more than 3 years, and High Risk - failed
to qualify for a degree. The study makes use of six different predictive machine
learning models, which are as Random Forest, K-Star, Naive Bayes, Multi-Layer
Perceptron, J-48 Algorith and Logistc Regression. The models vary in terms
of architecture, configuration and training time. Confusion matrices have been
provided to aid in the analysis of the models. A feature analysis providing the
information gain and correlation towards each feature to the classification la-
bel ("Risk Profile") has been provided to gauge the strength of the features in
relation to the "Risk Profile". In subsection 3.1 we outline the data collection
and pre-processing step, followed by a brief overview of the feature selection and
extraction process in 3.2. In the subsection 3.3, we predict at risk students and
then evaluate the accuracy of our models and detail the ethics of this study in
3.4.

3.1 Data Collection and Pre-Processing

The data used in this study was collected at a South African University. The
dataset contains background, individual and pre-college attributes of all students
registered between the years 2010 - 2016 for a Earth Science degree. This period
allows us to examine the complete three years of study towards a Bachelor of
Science Degree. The dataset contains class imbalances whereby one of the classes
contains significantly more observations than the other two classes. Nghe et. al.
in [20] experienced an overfitting and a potential bias because of a similar set-up.
Early trials in this study also indicated overfitting and a bias due to this class
imbalance. This means that the predictive models could only predict one or two
of the risk profiles accurately. To fix this and prevent overfitting, we employed
a technique called Synthetic Minority Oversampling (SMOTE) which is used
to remove class imbalance by synthetically generating observations within the
minority classes [9].
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3.2 Feature Selection and Extraction

Table 3 below highlights some of the key attributes in the study and allocates
the characteristics to one of the three characteristics mentioned in the framework
proposed by Tinto in [24] .

Table 3: Key attributes of a student (Found in our dataset) that are representa-
tive of Tinto’s three characteristics

Background Individual Pre-College
Home Country Career Choice Secondary School
Home Province Year Started -
School Quintile Additional Language -

Rural/Urban School NBT -

Background includes the home country and province of the individual. An
additional attribute used in the background category is the school quintile. Indi-
vidual Attributes represent the individual’s own capabilities. A strong attribute
in this category is the plan code. We can relate the plan code to the student’s fu-
ture career choice and aspirations. The National Benchmark Tests (NBT) scores
are used to gauge students proficiency in Mathematics and English. Pre-College
Attributes include the student’s performance in mathematics, english, science
and a whole host of other subjects including geography, life orientation, eco-
nomics, life sciences, civil and electrical technology. A full list of the attributes
used in the experiments can be found in the evaluation section along with the
Entropy and Correlation of each feature to the "Risk Profile".

Although we have access to 40+ features of a student, and even though many
of these features potentially indicate the students "Risk Profile", the reality is
that many of these features may not be of any value when seeking to predict
the "Risk Profile". This presents us with the problem of feature selection [22].
Feature selection is the process of using a statistical or mathematical technique
to gauge how important a specific attribute is in predicting the "Risk Profile" of
a student. Information gain and Correlation were used as feature selection tech-
niques. Information gain measures each feature’s strength (Entropy) in relation
to the label (Risk Factor). After performing feature selection and extraction on
our dataset, reduced our features from 40 to 20 and ordered them in order of
importance. Correlation measures the statistical relationship between two vari-
ables (i.e. if x increases,so does y) [12]. A full explanation and description of the
feature selection techniques can be found in the evaluation section of this paper.
Principle component analysis is a feature extraction technique used for dimen-
sionality reduction. The idea here is to reduce the attributes from 40+ attributes
to the lowest form (intrinsic dimension). We then find out which attributes con-
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tributed the most in the data reduction. These attributes would be viewed as
important and indicates that they are valuable attributes for modelling.

3.3 Prediction and Evaluation

We utilised aforementioned machine learning classifiers to make predictions on
the label "Risk Factor". The modelling phase makes use of 10 Fold Cross Val-
idation, which is a process whereby the data is split into k mutually exclusive
subsets of equal size. The model is then trained k times on the k-folds of the
data. The cross-validation estimate (accuracy) is the number of correct classi-
fications divided by the number of instances in the data [16]. In the following
paragraphs, we will provide a brief overview of each classifier.

Random Forest Random Forest is a combination of tree based predictors such
that each tree depends on the values of a random vector sampled independently
with the same distribution as all other trees in the forest [6]. An easy to un-
derstand description of a Random Forest is that it is an ensemble of multiple
Decision Tree classifiers. Random forest are effective tools for classification prob-
lems. They rarely overfit due to the law of large numbers. Breiman in [6] states
that Random Forest incorporates a certain essence of randomness when making
a prediction which allows them to generalise well when classifying data.

Naive Bayes The Naive Bayes model (NBM) is the only model in this study
that is based on Bayesian Statistics. The model is a simple and highly effective
probability distribution algirithm [2]. It assumes all attributes of the examples
are independent of each other, given the context of a class. This assumption is
where the model gets the term "naive" from. In most real world tasks the NBM
performs classification really well.

Logistic Regression A logistic regression is generally used in Binary Classifica-
tion. However, it can be used in multi-class classification as well. Logistic regres-
sion solves these problems by applying the logit transformation to the dependent
variable. In latent terms, the logistic model predicts the logit of Y from X [21].

J.48 Decision Tree The J.48 Decision tree is a popular tree based classifier.
Originally known as the C4.5 classifier until it was renamed to the J.48 algorithm.
The main function of this algorithm is to classify observations based on the
entropy of multiple features to the classification label [5].

K-Star The K-Star algorithm first published in [10] was developed by Clearly and
Trigg. The algorithm uses Information Theory to calculate the distance between
two observations using a function called the K-Star function. It performs well in
datasets that contain missing values [18].
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Multilayer Perceptron The multilayer perceptron is a simple feed forward neural
network that follows the basic feedforward process for prediction and back prop-
agation for training (updating weights by back propagating a vector through the
network [13]). The network used in this study utilises the basic sigmoid function
as the activation function.

3.4 Ethics Clearance

This study has gone through a strict ethics clearance process and the data
utilised has been annonymised. The ethics application for this study has been
approved by the universities ethics department (Human Ethics Committee -
Non Medical). The clearance certificate protocol number is: H19/08/28. In the
next section, we discuss the results yielded from our research and provide an
evaluation of the models used.

4 Experimental Results

In this section, we present the key findings of the study. The first section is feature
selection and extraction, detailing the techniques and observations. The next
section presents the findings of the modelling process, containing the confusion
matrices for all 6 models, as well as, an analysis of the results obtained for each
model.

4.1 Principle Component Analysis

Principle Component Analysis (PCA) is a feature extraction technique which
produces a new set of features based on an original set of raw features. PCA
is commonly used for dimensionality reduction, increasing interpretability and
sometimes minimising information loss within data [15,23]. We are interested in
the features used to build the resulting components (new features ) produced
from PCA. The goal here is to perform PCA, i.e. Dimensionality reduction (from
41 features to 20 features) and observe which features are used the most by PCA
to reduce the dimensionality of the data. This would indicate that much of the
data’s information or meaning lies in these features. Hence those features would
be important to have in a feature set used for modelling. We aim to preserve
95% of the data’s information (explained variance) when reducing components
and, we are only interested in the top ranking features that allow us to preserve
these principle components. We have included features that contributed to the
top 3 principle (Plan Code, School Quintile and Home Language ) component’s
which preserve a 95% variance. The intrinsic dimensionality of the data used in
this study is 7 dimensions. This is a significant reduction from 41 features down
to 7 principle components (features).

The top 7 features include Plan Code, Plan Description, School Quintile,
Home Province, Mathematics, Science and English Home Language, where the
top three form part of [24] main attributes. This is a good indicator that the
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features of [24] provide a strong underlying framework for predicting student
attrition. Further more the attributes that are in the top three principle compo-
nents are also featured as highly correlated features in Table 5.

4.2 Model Results and Evaluation

In this section, we produce the results of the 6 predictive models in the form
of 6 confusion matrices followed by an analysis of each of the six models. The
models used in this study are as follows: a Random Forest, the K-Star Algorithm,
Naive Bayes, a Multi-Layer Perceptron, the J-48 Decision Tree and a Logistic
Regression. The 6 models makes use of 10 fold cross validation

Random Forest Evaluation The Random Forest was the best performing model.
It scored 731 out of 768 labels correctly. The misclassifications are fairly dis-
tributed which indicates that this model generalises well. The model did not
perform as well with the "Medium Risk" category compared to the other 2 la-
bels, however, it’s classification of "Medium Risk" is still better than the other
models. This model was very quick to train and has obtained an overall accuracy
of 95%.

K-Star Evaluation The K-Star model was the second best performing model.
It scored 719 out of 768 labels correctly. The model performed the best when
classifying "High Risk" labels and performed the worst on "Low Risk" labels.
The model also classified "High Risk" more accurately than the Random Forest
(RF misclassified 9; this misclassified 8). Overall this models performance is
incredible given that it uses the distance between points as metric of classification
verses a more statistical approach. This model was very quick to train and has
obtained an overall accuracy of 93%.

Naive Bayes Evaluation The Naive Bayes model was one of the poorer perform-
ing models, correctly classifying 592 out of 768 labels. It performed particular
badly in classifying "High Risk" labels by misclassifying a total of 74 labels. The
model was quick to train and has obtained an overall accuracy of 78%.

Multilayer Perceptron Evaluation The Multilayer Perceptron is the only model
in the study that uses a "black box" technique. It took the longest time to train.
It was the fourth best performing model and correctly classified 699 out of 768
labels. The misclassifications are fairly similar to the Random Forest and K-Star
models which, like the other two models, tells us that this model generalises well.
This model scored an overall accuracy of 91%.

J-48 Decision Tree Evaluation The J-48 decision tree scored an overall average
of 88% and correctly classified 674 out of 768 labels. The model did not perform
as well with the "Low Risk" category compared to the other two categories. This
model was very quick to train and has obtained an overall accuracy of 95%.
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Logistic Regression Evaluation The Logistic Regression was the third best per-
forming model. It scored 707 out of 768 labels correctly. The model’s performance
is very similar to the Random Forest and K-Star models. This model was very
quick to train and has obtained an overall accuracy of 92%.

Predicted
L
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M
ed
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h
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ct
ua

l Low 247 4 5
Medium 26 143 25
high 17 22 145

(a) Random Forest - 95% Accuracy,
Correctly identified 731/762 labels

Predicted
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H
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h

A
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ua

l Low 234 12 10
Medium 15 237 4
high 6 2 248

(b) K-Star - 93% Accuracy, Correctly
identified 719/762 labels

Predicted
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l Low 215 10 31
Medium 39 195 22
high 60 14 182

(c) Naive Bayes - 78% Accuracy, Cor-
rectly identified 592/762 labels

Predicted
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l Low 227 14 15
Medium 19 228 9
high 11 1 244

(d) Multi-Layer Perceptron - 91% Ac-
curacy, Correctly identified 699/762 la-
bels

Predicted
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l Low 209 20 27
Medium 19 228 27
high 13 6 237

(e) J-48 Algorithm - 88% Accuracy,
Correctly identified 674/762 labels

Predicted
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l Low 235 7 14
Medium 16 231 9
high 8 7 241

(f) Logistic regression - 92% Accuracy,
Correctly identified 707/762 labels

Fig. 2: 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.
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4.3 Model Results Summary

The three best performing models were the Random Forest followed by the
K-Star model and then the Logistic Regression model. The Random Forest cor-
rectly classified 95% of the data whilst the other two were lower with averages
of 93% and 92% respectively. The Random Forest generalises well and the dis-
tribution of scores for misclassified cases are evenly distributed across the three
classes (Low, Medium and High Risk). It must be noted that model performance
greatly increased once I evenly balanced the classes (i.e. "Risk Profile"). Previ-
ously, model accuracies would not exceed 65% with a class imbalance present.
In terms of the Misclassifying Risk (cases when we incorrectly classify a stu-
dent), the top three models contain much of the misclassification risk across the
medium risk class verses the low and high risk classes. This may be an indication
that the student could still take the academic path but with an understanding
that he/she may experience difficulty along the way. The university can then
provide the student with assistance (taking a preemptive approach). A method
of improving the models’ scores could be to ensemble the top three models by
using a fourth classifier. This fourth classifier would take the three models as
input features. It would then learn which models predict particular classes better
than others. This may give us a better overall average and prediction in the end.
To conclude, the results obtained are very good and prove that the features in
[24] - Background, Individual and Pre-College attributes can provide accurate
indications of an individuals risk within a particular academic program.

4.4 Implications, Conclusion and Future Work

Given the current situation of Higher Education in South Africa being the limited
spaces available and the fact that university intake increase on a yearly basis.
South African universities need to come up with a mechanism to deal with the
large volume of students coming in to university. One of the ways that this can
be achieved is to produce more graduates in minimum time. This can only be
achieved if students pass all of their modules in minimum time. Universities need
to help students increase their chances of passing all of the modules selected. A
system like the one featured in this study (a course recommender system), or
a system that can detect students experiencing difficulty, can help universities
achieve a pro-active approach towards reducing student attrition. This research
provides evidence that a "course recommender" system which uses a student’s
Background, Individual and Pre-College attributes as a means to predict student
risk for a particular academic path is possible. It can produce reliable results that
can have an impact on the academic path a student takes as well as potentially
reduce their duration of study. The limitations faced in this study was that we
used a small data set and thus limited data instances to train our models, this
slightly increases the bias of our models resulting in reduced accuracy. Overall,
the models predicted each of the three classes fairly evenly and did not favour
or bias one class over the other. A suggested future improvement would be to
ensemble the top three classifiers so as to produce one super model that would
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take input from the three top performing models and produce one result. This
paper serves as proof that Background, Individual and Pre-College attributes
can be used to predict student attrition which can then be used to recommend
courses to students. It contributes towards a greater understanding of student
attrition and highlights difficulties that many experience in South Africa. The
recommender system would allow universities to take pre-emptive measures on
student intake and can be used to help existing students during the year. To
conclude, this study examined student attributes and characteristics that are
normally overlooked. The study proves that background, individual and pre-
college attributes should definitely be considered when admitting students to a
university program.
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