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ABSTRACT
Student achievement is a national and institutional phenomenon: studies have found that
engineering programs are particularly vulnerable to underachievement, with a national
throughput rate of 17% after 5 years of study [1]. The severity of the problem has led to
the exploration of techniques which can be used to predict student performance after
access to higher education.
In this respect Artificial Neural Network (ANN) and linear regression models were used to
predict student performance during semester 1 of 2008. Data received from the Tshwane
University of Technology was utilized for this study. The total Average Point Scores (APS)
students obtained in grade 12 was employed as input variable. The results indicate a
better agreement between ANN model prediction and observed values compared to those
in the linear regression. This demonstrates that the ANN-based model developed may well
be able to predict student performance in semester 1 with high accuracy.
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1.

INTRODUCTION

The importance of higher education is well established; it has been reported by the
Council of Higher Education that in countries which have managed to sustain high levels of
economic growth with significant improvements in the standard of living, the majority of
their population are those who have given priority to excellent education, training, higher
education and training in particular as an agent of socio-economic change and
development [1].
The core function of higher education is knowledge creation and high-level human
capacity development; this is essential to address social problems in a context of
economic globalization, to establish a productive niche and to avoid being uncompetitive
compared to developed countries. Since South Africa is a developing country confronting
challenges of skills development, poverty and inequalities, higher education must play a
pivotal role in the development of the country. This was validated by the emphasis the
government has placed on access to such education, in the white paper of 2007.
Scott[1] argued that there is a special need for higher education to produce an
appropriate mix of good graduates, sufficient to meet the country’s development
requirements. A skills shortage of engineers, technologists and technicians was reported
by Roodt [2]. Scott indicated that only 17% of engineering students graduate from a
University of Technology, and only after 5 years in the program, which is supposed to take
3 years, while 14% are still registered, 59% have dropped out and 10% have changed
qualifications.
The grade point average (GPA) or average point system (APS) is said to be the best
indicator of student performance; however the study by Baars [3] indicated that the GPA
or APS alone cannot accurately predict this. Student performance is the result of a very
complex interaction between a range of student–related aspects such as ability,
motivation, ambition, study skills, learning styles, personality traits, time spent on study
related activities and external factors such as elements of the learning and social
environment [ 4, 5, 6, 7, 3 ].
In South Africa, the average point system (APS) is used to determine access to higher
learning institutions; therefore it is essential to determine the usefulness of APS scores to
ensure that students are allowed access to the right program. In engineering in particular,
minimum requirements for Mathematics, Science and English have been used by higher
education institutions to determine access to engineering programs.
With some of the literature outlining that GPA or APS is of the essence, while other
researchers argue that this statement is not correct, the study sought to validate whether
APS alone can be used to accurately predict students’ performance once they access
higher education.
The study proposed the use of the multilayer perceptron (MLP) of an artificial neural
network and regression analysis models to predict student performance using APS as inputs
and their first year results as output. The results, indicated by the performance index,
coefficient of correlation R2 , and mean absolute percentage error (MAPE), reported that
the APS scores are not adequate to predict the students’ average performance.
2.

DATA AND METHODS

The study was conducted at Tshwane University of Technology, Faculty of Engineering and
the Built Environment in Pretoria, South Africa. Its engineering curriculum consists of two

45-2

ISEM 2011 Proceedings, September 21-23, Stellenbosch, South Africa © 2011 ISEM

years of theoretical subject studies and one year of practical studies. The theoretical
years are aimed at providing students with fundamental engineering concepts and
specialized content related to their area of interest. The focus in the last year is placed
on practical experience; students are expected to gain knowledge through solving real life
problems in an industry related to the student’s choice of program.
2.1

Data

Data used was obtained from 49 students who entered the department of Industrial
Engineering, Tshwane University of Technology in 2008. Only the APS scores and pass rates
of semester 1 were utilized for this study; the descriptive statistics of the data are
reported in table 1 below.
Inputs (APS Scores)

Mean
Median
Standard
Deviation
Minimum
Maximum

Maths
72.2
74.5

Science
60.4
64.5

English
65.1
64.5

Output
Students'
performance
60.2
59.5

10
44.5
84.5

9.1
44.5
74.5

9.2
54.5
84.5

5.6
48
72.37

Table 1: Descriptive statistics of the data used
2.2

Method

Artificial neural network and regression analysis were used to analyze the data. These
techniques are known for predicting future performance from current data.
2.2.1 Artificial neural networks
Artificial neural networks are computer models built to emulate the human brain, and are
well known, massively parallel, computing models which have exhibited excellent
behavior in solving problems. Neural networks are employed because they improve upon
the error of the models developed by linear regression [8]. The goal of an artificial neural
network is to map a set of input patterns onto a corresponding set of output patterns. The
network accomplishes this mapping by learning from a series of past examples and
defining the input and output sets for a given system [9].
The architecture of this network consists of three layers, namely the input, hidden and
output layer, with each layer containing one or more neurons, in addition to bias neurons
connected to the hidden and output layers. The computational procedure of the network
is described below [10].
Yj = f(∑i wij Xij),

(1)

where Yj is the output of node j, ƒ(. ) the transfer function, wij the connection weight
between node j and node i in the lower layer and X i the input signal from the node i in the
lower layer. The back propagation is based on a steepest descent technique with a
momentum weight (bias function) which calculates the weight change for a given neuron.
p
It is expressed as follows [10, 11]: let ∆wij (n) denote the synaptic weight connecting the
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output of neuron i to the input of neuron j in the pth layer at iteration n. The adjustment
p
p
∆wij (n) to wij (n) is given by
p

∆wij (n) = −η(n)

∂E(n)
p

∂wij

,

(2)

where η (n) is the learning rate parameter. By using the chain rule of differentiation, the
weight of the network with the back propagation learning rule is updated using the
following formulae:
p

p

p−1

∆wij (n) = η(n) ∂j (n) X i
p

p

p

(n)m(n)∆wij (n − 1),

(3)

p

∆wij (n + 1) = wij (n) + ∆wij (n),
p

(4)
p−1

where ∂j (n) is the nth error signal at the jth neuron in the pth layer, X i
output signal of neuron i at the layer below and m is the momentum factor.

(n) is the

For the neural network design, the number of hidden neurons was determined by
comparing the performance of different cross-validated networks, with 1-18 hidden
neurons, and choosing the number that produced the greatest network performance. This
resulted in a network with three input neurons (mathematics, science and English APS
scores), eight hidden neurons and a single output (students’ average performance). In the
analyses, network parameters of learning rate and momentum were set to 0.05 and 0.7,
respectively. Variable learning rates with momentum (trainlm) as the network’s training
function, tansig and purelin as activation functions for hidden and output layers were
utilized. The data used by the network must be scaled for the network to be effective. In
theory the inputs to the network can be any value; however, scaling values to the same
order of magnitude (generally in the range 0 to 1 or -1 to 1) enables the network to learn
relationships quicker [12]. In this paper, we scaled the data to the range -1 to 1 so as to
use a consistent scaling regime for inputs and outputs.
2.2.2 Regression analysis
Regression analysis is appealing because it provides a conceptually simple method for
investigating functional relationships among variables [13]. The existence of the
relationship is observed by the square of the correlation coefficient (R2 ). The power of a
regression analysis lies in its ability to detect observed relationships in a set of data. When
the value is nearer to 1.00, the regression relationship being assessed is more reliable
[14]. The data was used to fit the following equation
y = a + bx1 + cx2 + dx3

(5)

Where a, b, c, and d are the regression coefficients, y, students’ average performance,
which is the response variable, x1 , x2 , x3 represent the APS scores for mathematics,
physical science and English. The regression solves for unknown coefficients a, b, c, and d
by minimizing the sum of the squares of the data from the model. A linear regression
model to predict student performance is given below
y = 44.28 − 0.0419x1 + 0.1484x2 + 0.1541x3

(6)

Mean absolute percentage error (MAPE), which is a measure of accuracy in a fitted series
value in statistics, was made use of for a comparison of the prediction performances of
the models. MAPE usually expresses accuracy as a percentage
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1
N

MAPE = ∑N
i=1 �

Ai−Pi
�x
Ai

100

(7)

where Ai is the actual value and Pi is the predicted one.

3.

ANALYSIS AND RESULTS

In this work, visual inspection, mean absolute percentage error (MAPE), as well as the
coefficient of correlations R2 were employed to check the performance, as well as the
accuracy, of the models used for prediction. Figure 2 indicates that the ANN prediction
seems to be closer to the observed data.
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Figure 2: Result of the network. Comparison between the target, ANN and regression
MODEL
MAPE
R2
Linear Regression
6.580
0.1577
Artificial Neural Network
6.226
0.3258
MAPE = mean absolute percentage error, R2 = correlation coefficient
Table 2: Performance indices for models

The R2 value for linear regression is 0.1577 with MAPE of 6.580. ANN had R2 of 0.3258 with
MAPE of 6.226. Results of the two models used in this study are compared. In this case,
the R2 and MAPE values obtained by ANN show more successful results as compared with
the linear regression model.
Using both models to predict the students’ performance, the table below (table 3)
indicates predicted values of student performance which are not closer to actual student
performance. Statistically, 3 standard deviation is used to determine the capability of the
process. For these models, the standard deviations are less than the 3 standard deviation.
For linear regression the standard deviation is 2.2 while for ANN, it is 2.8 which indicates
poor prediction due to fewer factors.
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Mean
Median
Standard
Deviation
Minimum
Maximum

Measured
Linear
Students’
performance
60.3
60.2
60.7
59.5
2.2
5.6
56.2
48
64.8
72.37

ANN
61.1
61.8
2.8
55.2
66.3

Table 3: Predicted values
4.

CONCLUSION

The study by Baars indicated that GPA or (APS) alone cannot accurately predict students’
performance. Literature argues that other variables also contribute to such performance.
The results of this study indicate that ANN can predict student performance more
accurately than regression analysis. The R value for ANN and regression models is less than
0.5 and is closer to 0. Therefore we can state with confidence that there is a weak
relationship between input and output variables; in our case, as mentioned, inputs
comprise APS scores while outputs consist of student performance.
These results of the R2 and MAPE of ANN indicate that ANN can be used successfully for
the prediction of this performance, though the result of the coefficient of correlation is
far from 1.00. Thus, we can conclude that APS scores by themselves are not adequate to
determine the performance of students. This confirms literature studies which argue that
APS alone cannot accurately predict students’ performance after entering higher
education. If this is the case, the next research questions will be, firstly: why higher
education institutes utilize APS scores as the minimum requirement to access higher
education? Secondly, what are the other factors which play pivotal roles in student
performance after entering higher education?
5.
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