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ABSTRACT

A spill-over student is one that has overstayed his or her stipulated time in a tertiary institution due to the inability to
pass the required courses for graduation. Remarkably, some of the spill-over students would have abated the
situation if they were availed of adequate orientation by the school management both before and while undertaking
their courses of study. However, to get them focused on their studies, there is a need for early warning, especially, to
those ones who are tending towards extra year(s). This research used Multi-layered Feedforward Neural Networks
in predicting the likelihoods of students to spill over. The dataset used consists of 140 records, 5 input columns and 1
output column. The Neural network used has 3 neurons in the hidden layer. 65 % of the entire dataset were used in
training the Neural Networks and the remaining 35 % were used for testing. The Networks was trained for 500,000
epochs using back-propagation algorithm. The Mean Square Error (MSE) for the training set is 1.014405e-06 while
the MSE for the test set is 6.103580e-06. The network gave 100% correct classification of the students both in
training and test sets predicting that any student whose total number of outstanding courses ranges from 5 to 9 after
his or her first year in the University is likely to spill-over. If a student’s total number of outstanding courses exceeds
9, such student has already spilled over. The network performed very well at the end of the training. A MATLAB
application was finally designed to simulate how such a system can be used in real world.
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1. INTRODUCTION

The graduation rate in tertiary institutions has depreciated
globally in the last few decades. According to the New
York Times, only 41% of the undergraduates that gained

admission into higher institution of learning are able to
graduate within the minimum time required for
graduation; 25% of the students drop out after exceeding
their stipulated time of graduation according to the
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National Student Clearinghouse Research Center with
their major excuse being financial restraint, while the
remaining 34% of the students end up spending more
years in school than their stipulated time of graduation
[1].

efficient in realising predictive models from data. The
preceding makes this problem a confirmed candidate of
machine learning due to the enormous students’
performance-associated data residing in the repository of
tertiary institutions.

In secondary school education system, students’ result
reports are summarized by stating the rank or position of a
particular student’s performance relative to the
performance of others in the same class. This institutes a
healthy competition between students that makes them
perform better academically. Some university students
have problems switching from competing with
themselves, as obtainable in secondary school system they
graduated from, to competing with a target (as in Grade
Point Average system) as a motivation for academic
excellence. Although in secondary schools, students may
be unaware of minimum requirement to get into tertiary
institution, they still meet those requirements more often
than not if their peers with whom they competed had good
academic abilities.

To this end, an early-spillover warning system was
developed using back-propagation neural network. The
Department of Electrical/Electronics and Computer
Engineering, University of Uyo, was used as a case study.

Furthermore, students lack proper orientation of the Grade
Point Average (GPA) system at the start of their tertiary
education. The ripple effect is the difficulty of students
harnessing the motivational power it can offer. The GPA
Advisory Group recommended introduction of GPA
system into UK higher education, identifying one of its
benefits to be the potential to encourage student
motivation and engagement [2]. Being able to project a
target performance level is a sure way of motivating
students with the Grade Point system. The Grade Point
Average (GPA) system is a grading system where every
course/subject offered in the school is weighted. These
weights are called credit units. At the end of each
academic semester, a weighted average called Grade
Point Average (GPA) is computed based on the student’s
performance in each of the courses he offered.
Suffice it to say that there will always be things to distract
a student but like in other aspects of life, having clear idea
of impending positive or negative outcome keeps one
honest to his goals. This is what an early-spillover
warning system would offer a student. To get the students
focused on their studies, it is pertinent to have this early
warning, especially, to those who are tending towards
overstaying their minimum study period. It is, indeed,
difficult for this role to be done by a human due to large
number of students and the cumbersomeness of the
students’ data or records he has to go through in order to
identify those students who are liable to spend extra
period. Interestingly, machine learning, has proven

2. LITERATURE REVIEW

2.1 Students Performance Evaluation
Students performance evaluation is an essential tool in
institutions of higher learning. This is because one of the
criteria for a high quality university is based on its
excellent record of academic achievements [3]. Students’
performance can be obtained by measuring the learning
assessment. By evaluating students performance, a
strategic program can be well planned during their period
of studies in an institution [4]. Currently, there are many
techniques being proposed to evaluate students’
performance. Data mining is one of the most popular
techniques to analyse students’ performance. Data mining
has been widely applied in educational area recently [5].
A research conducted in [6] focused on the building of a
model to predict the performance of students in a
programming course based on their grades in courses in
other subjects. A classification based on an association
rules algorithm is used to build a classifier to help
evaluate the student’s performance in a programming
course. They generated the classifier using the
Classification Association Rule Mining (CARM)
algorithm, which was based on support and confidence
values. The rules generated were then applied to predict
the students’ performance in the programming course by
implementing an application in the java programming
language, with the help of Liverpool University Computer
Science – Knowledge Discovery in Data (LUCS-KDD)
CARM Discretization/Normalization (DN) software
version 2 and LUCS-KDD implementation of
Classification Based on Associations (CBA). This model
aims to reduce dropout levels by helping student predict
their likelihood of success in a course before they enrol
into it. In addition, course instructors will be able to
enhance students’ performances in the course by better
estimating their abilities to learn the subject matter and
adjusting their teaching strategies and methods.
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In [7], Weka Classification Data Mining (DM) software
was employed for enrolment of data of mastesr students
of a department in the University of Ilorin, using
multilayer perceptron (MLP), radial basis functions (RBF)
and Sequential minimal optimization algorithm (SMO) to
classify the data. The effect of data pre-processing is also
revealed. The author used the attribute selection tool to
evaluate the factors that are very important in predicting
possible student that will graduate with PhD grades.
In [8], a research work was conducted that would help
improve the students’ performance. The performance
improvement program was achieved by mapping the
students using K-means Cluster algorithm to reveal the
hidden pattern and classifying students based on their
demographic data (gender, origin, GPA, grade of certain
courses). About 300 students’ data were covered. From
the calculation using SPSS 16, it is found that there are
three clusters formed, namely: smart students (45.74),
standard/average students (33.33%), and 20.92% belongs
to low performance students.
In [9], a review was carried out on predicting students’
performance using data mining techniques which included
Decision Trees, Neural Network, Naive Bayes, K-Nearest
Neighbour and Support Vector Machine. Neural Network
had the highest prediction accuracy by (98%) followed by
Decision Tree by (91%) [9]. Next, Support Vector
Machine and K-Nearest Neighbour gave the same
accuracy, which is (83%). Lastly, the method that has
lower prediction accuracy is Naive Bayes by (76%).
3. METHODOLOGY
3.1 Data Acquisition
The data used in this paper was gotten from the
Department of Electrical Electronics and Computer
Engineering, University of Uyo and used to train the
network. This dataset contained 140 samples with six (6)
attributes. These attributes include the Grade Point
Averages(GPAs) for each semester, Cumulative Grade
Point Average (CGPA), Total Number of Outstanding
Courses and the Total Credit Hours of the Outstanding
courses. These data were collected based on records of
already graduated and overstayed students in the
department. The output column contains a binary 1 for
students who are likely to spill-over and 0 for students
with good academic standing.
3.2 Data Cleaning and Pre-processing
Firstly, all columns that were incomplete, i.e., where one
or more attribute(s) relevant for assessment evaluation are

missing were removed from the data. This step was
carried out to dismiss the risk of computational errors that
could crop up during training. Irrelevant features were
also removed from the training set so as to minimize
training time and ensure optimized learning. Those
features that were considered irrelevant include; student’s
name, student’s registration number, address and sex. All
other information that were considered ambiguous were
eliminated as well. For instance, there are cases of
students who have shown good performances in previous
semesters but dropped drastically to very low GPAs
because of absence in some examinations. We considered
such a record as noise in the paper. For the data
normalization the min-max normalization technique
which returns values between 0 and 1 was used and it has
the formula as shown equation (1).
ˊ=

;

∈

- - - (1)

where x is any input feature belonging in a vector of input
features X. x’ is the normalised value.
3.3 Data Segmentation
The Dataset was split into two for the training and testing
phases. 65% of the dataset was used for training the
network while 35 % of the dataset was used for the
testing. This was to ensure that the network does not
overfit the training instances resulting to poor
generalisation.
3.4 Neural Network Topology
The network topology used was the Multilayer Perceptron
(MLP). It has three (3) layers. The input layer for the
network used in this study has 5 input neurons for the 5
attributes involved in the assessment evaluation plus one
bias. The output layer has only one neuron. One hidden
layer is used with the number of neurons being
continually adapted (i.e. tuned) to generate the best result.
Three neurons in the hidden layer gave the best
performance based on our experiment. The neuron for the
output is fully connected to the hidden layer. The network
topology is presented in figure 1.
3.5 Neural Networks Training
The ANN used in this work is a Multi-layered Perceptron
(MLP) due to its capability to handle non-linear problems.
The MLP consists of one input layer with five inputs, one
hidden layer with three neurons and an output layer with
one output. Back-propagation is a Multilayer neural
network algorithm. The inputs consist of the GPAs,
CGPA, total number of outstanding courses and the total
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credit hours of the outstanding courses. The output of the
network is a probability that a student will carry over. The
uniqueness of the neural network is in its ability to map
input-output processs despite non-linear patterns in the
data after performing series of forward and backward
passes. The input information of the neuron is
manipulated by means of synaptic weights that are
adjusted during a training process. The training procedure
and activation function is applied to the weighted sum of
the inputs of all the neurons to generate the output
information.
The activation function used is the sigmoid function
which returns a value between 0 and 1. To ensure that
negative values are included in the mix, the weights were
multiplied by 2.4/nHidn (where nHidn is number of
hidden layer neurons) and the same was subtracted from
them. This gives a range of random numbers uniformly
distributed in the range (-2.4/nHidn, +2.4/nHidn). A bias
unit is an extra neuron added to each pre-output layer that
stores the value of 1[10]. Bias units are not connected to
any previous layer and in this sense they do not represent
a true activity. The bias gives the neural network extra
degree of freedom making it more flexible to learn the
desired model. It is better understood when compared
with the role of the intercept in a linear model. The backpropagation training algorithm was used in training this
network. The neural network training followed the
following sequence.
Step 1 – Initialisation: The sequence began with setting
of weights and threshold levels of the network to random
numbers uniformly distributed within a small range.
Step 2 – Activation: Done in this step was the activation
of the multilayer neural network by applying inputs and
desired outputs.
(a)
Calculate the actual outputs of the neurons in the
hidden layer:
= sigmoid [

.

+

]

(2)

Where, n is the number of inputs j in the hidden layer and
sigmoid is the sigmoid activation function.
is the ith input at the p-th epoch,
is the weight connect
and the activation output

at the p-th epoch.

(b)
Calculate the actual outputs of the neurons in the
output layer:

= sigmoid [

.

+

]

(3)

Where, m is the number of inputs of neuron k in the
output layer.
Step 3 – Weight training: Done in this step was the
updating of the weights in the multilayer network
propagating backwards the errors associated with output
neurons.
(a)
Calculate the error gradient for the neuron in the
output layer:
=
. [1 ].
is the error at the output unit k.

(4)

(b) Calculate the error gradient for the neurons in the
hidden layer by propagating the error backwards:
=

.[1+
.

(5)

Where, l is the number of neurons in the output layer.
Calculate the weight corrections:
=

.
(6)

Update the weights at the hidden neurons:
=
+

(7)

Step 4 – Iteration: Increase iteration p by one, go back to
Step 2 and repeat the process until the selected error
criterion is satisfied.
From the above sequence, the weights linking the layers
are initially picked from a uniform distribution as shown
above. Afterwards the network is presented with training
examples. For each sample in the network, forward and
backward computations are carried out on it. The training
inputs are propagated through the input layer, these inputs
are multiplied by the weights connecting the input layer
and hidden layer neurons, then the sum of these products
for each neuron is passed through the sigmoid activation
function which then yields the hidden layer outputs that
are then multiplied by weights connecting the hidden
layer and output layer neurons. The sum of these products
for each neuron at the output layer is then passed through
the neuron’s activation function to yield the output for
that neuron.
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Finally, the value of the output neuron(s), is compared
with the desired or target values, and an error (e) is
calculated, which is the difference between the desired
neuron output and the actual output for an output layer
neuron. An error gradient is calculated and the errors are
propagated in a backward manner through the network to
modify the values of the weight in a manner that makes
them reduce the error on the next forward propagation.
This backward manner in which errors are propagated
through the network gives rise to the name backpropagation or backward propagation algorithm. The
sequence is then repeated continuously to reduce the error
and achieve an optimal solution (i.e. the best set of
weights that yield minimal error).
4. RESULTS
4.1 Performance Evaluations
Mean Square Error (MSE) metric was used to evaluate the
performance of the neural network for the prediction.
Figure 2 shows how the training and testing errors
decrease with respect to iterations. The graph shows that
the network behaves similarly for both the in-sample and
out-of-sample examples. The MSE for the training set is
1.014405e-06 while that of the test set is 6.103580e-06
both obtained after 500,000 iterations.
Furthermore, purity measure was used to obtain the extent
to which the neural networks classified the students into
the correct groups. It is given by equation (8).
(8)
where N = number of data points, k = number of classes,
ci is a class and tj is the classification which has the max
count for class ci. The calculation of the purity measure is
preceded by the design of the confusion matrices for both
the training and the test sets. The confusion matrices are
provided in tables 1.0 and 2.0 respectively.
Using equation (8), the purity scores of both training and
test sets are 1.
4.2 Implementation
The MATLAB Neural Network toolbox was not used in
this project. ANN script was written from the scratch. The
implementation of the system involved developing a
MATLAB-based GUI that receives inputs, processes
these inputs and generates the output. It has the neural
network model in the backend for early spill-over
warning. Screenshots for this system are shown from
figure 4 to figure 9.

The screenshot in figure 3 shows the academic details of a
student that is not likely to spill over. The screenshot in
figure 4 shows the result of the student academic details
entered in figure 3. The screenshot in figure 5 shows the
academic details of a student that is likely to spill over.
The screenshot in figure 6 shows the result of the student
academic details entered in figure 5. The screenshot in
figure 7 shows the academic details of a student that has
already spilled over. The screenshot in figure 8 shows the
result of the student academic details entered in figure 7.
5. CONCLUSION
This paper is focused on harnessing students’ academic
performance in higher institution of learning through the
design and implementation of an early-spillover warning
system using back-propagation neural network. Students
who performed poorly after their first year in school were
warned of their likeliness to spend more than their
stipulated time in school if they did not work harder. The
hardworking students were encouraged to keep up the
good work and not relent in their academic pursuit
otherwise can result in the same fate that will befall the
unserious ones. In the early-spillover warning system, the
neural network figured out that a student is to be warned
of the likeliness to spill over after the first year in school
if the number of outstanding courses s/he has to offer is
more than four but less than or equal to nine. If the total
number of outstanding courses after the first year exceeds
nine then the student has already spilled over. In order to
evaluate the system’s performance after training, testing
was carried out on the trained network and the errors
obtained were recorded. The prototype was implemented
using a Graphical User Interface which portrayed how it
can be applied in a real-world scenario. The results
obtained show that this approach offers a modern and
more efficient technique in arresting students’ poor
academic performance.
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Figure 1: The Topology of the Neural Network

Figure 2: Graph showing plot of errors against number of iteration
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Table 1.0: Confusion matrix for the training set

Actual
records

SPILLOVER
NOT
SPILLOVER
TOTAL

Prediction
SPILLOVER
NOT
SPILLOVER
46
0
0
45
46

45

TOTAL
46
45
91

Table 2.0: Confusion matrix for the test set

Actual
records

SPILLOVER
NOT
SPILLOVER
TOTAL

Prediction
SPILLOVER
NOT
SPILLOVER
43
0
0
6
43

6

Figure 3: Input details of a student that is not likely to spill over.

TOTAL
43
6
49
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Figure 4: Output of the student of figure 4

Figure 5: Input details of a student that is likely to spill over
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The screenshot in figure 6 shows the result of the student academic details entered in figure 5.

Figure 7: Input details of a student that has already spilled over
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Figure 8: Output of the student of figure 7

