i [ y
e P Béma\ﬁomfumr‘m‘mﬁés’
d ® g4 Crossref Jn“rnal “
- Digital Humanities & Development Research

Content Registered Vol 6, No 2, June, 2020

Predicting Student Academic Performance Using Data Mining Techniques

'lkuomola A. J. & 2Nwanze M.N
Dept of Mathematical Sciences, Olusegun Agagu University of Science and Tech. Okitipupa, Ondo State, Nigeria
2Department of Computer Science, Federal College of Education (Technical), Asaba, Delta State
E-mails: 'deronikng@yahoo.com; 2Nwanzemaureen88@gmail.com

ABSTRACT

The main objective is to develop a model that predicts student academic performance using data mining technique.
The model comprises of 3 main phases namely; database, data pre-processing and the data mining algorithm.
WEKA toolkit was used as selected data mining tool which contains tools for data pre-processing, classification,
regression, clustering, association rules and visualization. The final year student data for four academic sessions
from Computer Science Programme, Olusegun Agagu University of Science and Technology, Okitipupa were
collected from the database management system. The collected student records serve as the dataset.
Classification method that makes use of the mathematical techniques such as J.48, Naive Bayes Bayesian
Network, JRip, OneR and PART were used to classify the data items into separate groups. The results from the
evaluation of the classification models generated with the selected data mining shows that Naive Bayes, Bayesian
Network and PART perform above average in accurately predicting the pattern and telling critical courses that can
determine the output of each students final CGPA. The result also shows that from the total of 32 students, 8
students will be graduating with second class upper, 17 students will be graduating with second class lower while
7 students will be graduating with third class division.
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1. INTRODUCTION

Nowadays, educational institution or university operates in a very dynamic and highly competitive environment.
Kabakchieva (2012) stated that universities are confronted with a severe competition trying to attract the most
appropriate students who will successfully pass through the university education process and make efforts to cope
with the student retention. Many universities/institutions are not in the position to guide their students because of
lack of information and assistance from their teaching-learning system (Thakar et al 2015). For universities
management to take important decisions quickly and timely, high-quality information is required. Thakar et al (2015)
assert that although universities/institutions collect an enormous number of student data, but this data remains
unutilized and does not help in any decision or policy making to improve the performance of students. Yassien et
al (2017) stated that the ability to predict student performance is very important in education environment.

If university/educational institution can predict students’ academic performance earlier enough and also identify
the factors responsible for their low performance then this knowledge can help them in taking proactive action, by
arranging proper support for the low performance students in order for the student to improve their studies and
achieve success for the university administration to handle the large volume of data and the increasing complexity
involved.. An advanced information technologies are required which will transform the available data into
information and knowledge needed to support decision making.
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In order to administer and serve student population, better assessment, analysis and prediction tools are needed
by the universities. In this study data mining techniques were used in analysing and predicting the academic
performance of student.Data mining is data analysis tool/technique used to identify hidden patterns in large data
set (Tiwari et al 2013). These extracted patterns can be used to predict student performance and behaviour easily
(Al-Barrak and Al-Razgan, 2016). The implementation of data mining in the educational sector, recently defined as
educational data mining (EDM) (Romero and Ventura, 2007) is a new stream in the data mining research field.
The educational information acquired through EDM helps the administrators to allocate facilities and resources
more effectively (Siraj and Abdoulha, 2007).

2. LITERATURE REVIEW

Yassein et al. (2017) presented a prediction model for the prediction of students performance based on 150
students records collected at the Najran university in Saudi Arabia with the use of statistical package for social
sciences (SPSS) and two data mining processing techniques which include clustering and classification were
applied to the dataset. Clementine is the data mining tool used in the application of the classification and clustering
technique to the dataset collected. Decision tree algorithm C5.4 is the classification techniques used and a two-
step clustering technique for the clustering phase. After the two techniques were applied, a predictive model was
derived by splitting the dataset of 150 students into a training and test set during classification, a result revealing
the critical affecting factors was students’ attendance in class in addition to the final exam and mid exam grades.
Although, the system employed a lot of techniques in improving data preparation but the authors only employed a
single classification algorithm thereby reducing the accuracy. Also, custom software wasn't developed for the
model, increasing complexity for non-expert users.

Kabakchieva (2012) employed lot of classification algorithms (OneR a rule learner, J48 a decision tree algorithm,
Multilayer Perceptron neural network algorithm and IBK a nearest neighbour algorithm) to create the prediction
model. 10330 student’s data were used in creating the model, after manual clustering and association on the
dataset, 10067 instances were left to be feed into the classification algorithms, all of which were presented in
WEKA data mining tool. The prediction model was not implemented in a one-click application, increasing
complexity for non- expert users

Tiwari et al. (2013) showed how various data mining techniques can be applied to an educational dataset of
students which includes their assignments, attendance, sessional marks, GPA, and Final grade via questionnaires
presented to the students to extract useful information from the collated dataset. All attributes in the dataset were
converted to nominal data while all attributes in nominal form are retained in that form, all conversions are
processed manually. Three main data mining techniques were applied to the dataset namely; association,
classification and clustering. Association rule was used to identify possible grade values, Classification was applied
on the collated dataset for describing future situations and K-means clustering algorithm was used in the division
of data into groups of similar objects. The authors only employed a single classification algorithm and clustering
algorithm during classification and clustering thereby reducing accuracy.

Kala (2017) used an association rule mining technique for analysing and evaluating student’s skills. He used data
mining techniques in evaluating the best skill suited for each student, determining whether a student should be a
coder, designer or documenter for employment by any firm and the applied clustering technique for predicting
student’s skill sets (i.e. student’s area of strength encouraging students with higher percentage of being a coder to
continue to improve their programming skills). Although, an extensive clustering technique was used in increasing
accurate rule formation in the categorization of each evaluated student’s skill but no specific techniques under data
pre-processing, feature extraction, clustering, rule formation and rule prediction were specified.
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Al-banak and Al-razgan (2016) used data mining techniques in determining the critical factors affecting student’s
final GPA. Data preparation and pre-processing were done manually by eliminating irrelevant attributes which
consist of general and elective courses to focus only on the program mandatory courses, thereafter classification
algorithm (J48 decision tree algorithm) was used to process the dataset. Saa (2016) presented educational data
mining and student performance prediction. His study explored multiple factors which was assured to affect student
performance in higher education and also make use of a qualitative model that classified and predicts the students’
performance based on related personal and social factors. Multiple classification algorithms were used, to create
qualitative predictive models which were efficient and effective in predicting the students’ grades.

3. DESIGN METHODOLOGY

3.1 Design Considerations

In this design, the following are incorporated into the system:

(i) Pre-processing filters: Data is often collected for unspecified applications. Data may have quality problems
that need to be addressed before applying a data mining technique e.g. Noise and filters, Missing values,
Duplicate data, etc. Pre-processing is needed to make data more suitable for data mining. During this phase,
pre-processing is applied to the collected data to prepare it for the mining techniques.

(i)  Attribute Selection: Once the data is collected and separated into a unique relation, it is necessary to gain
insight into their structure and informative value, so that it can be prepared well for the application of data
mining algorithms and methods.

(iii) Classification: Classification is a classic data mining technique based in machine learning. Classification
technique is used to classify each item in a dataset into one of a predefined set of classes or group.

(iv) Visualization: before applying any data mining method to the dataset, primary useful knowledge about the
attributes can be visualized.

3.2 Architecture for Prediction of Student’s Academic Performance using Data Mining Technique

Database Aodelling
' C )
i — e Data Mining
Algorithm

Classification

Model

Data Gathering

And Data Pre-processing

\ Result Visualization

Figure 1: Architecture for prediction of student’s academic performance

Model Evaluation
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Figure 1 shows the architecture for the prediction of student academic performance using data mining technique.
The architecture consists of three main phases namely; database, data pre-processing and data mining model.
Final year student data from Computer Science Programme, Mathematical Sciences Department, Olusegun
Agagu University of Science and Technology, Okitipupa, 2013 to 2018 academic sessions were collected from
the school’'s database management system. A total of 32 student’s records were used. The collected students’
records serve as the historical data of the domain in consideration. Each student record had the following
attributes; student matric number, all course taken by the student, course grade, CGPA, gender. The data set
was divided into three parts and each time an algorithm is run, 2/3 of the data were used for training of the
classification model and 1/3 of the data were used for testing and evaluation of the model. During the data pre-
processing phase, some irrelevant attributes are eliminated or removed from the collected data so as to prepare
the data for mining techniques. Classification method that makes use of the mathematical techniques such as
J.48, Naive Bayes Bayesian Network, JRip, OneR and PART were used to classify the data items into separate
groups. The results from the evaluation of the classification models generated with the selected data mining
algorithms are presented to the end-user to view.

3.3 Component of the Architecture Design

3.3.1Database

It is a collection of data or information, which is specially organized for rapid search and retrieval by a computer.
Databases are structured to facilitate the storage, retrieval, modification, and deletion of data in conjunction with
various data-processing operations. The database gotten from the university after a due process of request, was
received in form of a series of Microsoft excel documents, separately containing various semester performance of
each students from their second year (200level) to their final year (500Level) covering a period of four years.

3.3.2Data Pre-processing

Data gotten from the University database were noisy, contains missing values of students’ scores, and
inconsistency which could affect the knowledge discovery and pattern recognition process during application of
classification algorithm and clustering in WEKA, the following data Pre-processing steps were carried out to ensure
that the data was free of noise and inconsistency and ready for mining

a. Datacleaning: involves the removal of all missing values from each student’s performance and assigning
of zero (0) signifying that such course or activity wasn’t performed by the respective student, this process
was done manually by running a Visual Basic Code on the excel file to increase accuracy and reduce
error occurrence on the data cleaning process.

b. Data Integration: it consists of combining of the various semesters results separated and scattered over
numerous excel files to form a unified dataset of the student’s performance from their second year to their
final year. This step was performed by merging the data into a single dataset in an excel document form.

c. Datatransformation: involves converting of the raw source data into single format, that is from the source
format which is excel (xIsx) to either Comma delimited (CSV) or Attribute relation file format (arff). WEKA
has the required toolkit for the data mining tool requires for collated data to be in arff or CSV form.

The following steps were performed before the actual conversion was carried out.
i.  Normalization, where the attribute data are scaled so as to fall within a specified range such as score of
70 to 100 equates to A, only the students’ scores and CGPA were normalize.
ii.  Datareduction: this step involves the removal of unnecessary data from the gathered data, data removed
involves attributes or instances that have little or no significant against our predicting class which is the
CGPA. This step help in reducing large data to its bare minimum without comprising the integrity of original
data itself and yet producing the quality knowledge required.
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3.3.3 Data Mining Model

A model is a representation of an object, which accepts an input or set of inputs and produces a set of outputs or
an output. In this work models are generated by applying a set of supervised classification algorithms (e.g. decision
tree) to a set of pre-processed historical data of past occurrence and their results are used to find patterns and
make possible prediction on future occurrence.

(a) Classification

Students final CGPA were predicted based on their previously grades on attempted courses offered by each

student which gives an information on how specific courses affects each student's final performances (CGPA).

The classification algorithms used Decision Tree (J.48), Bayesian (Naive Bayes), Bayesian (Bayesian Network:),

Rules (OneR), Rules (JRIP), and Rules (PART). Each algorithm was applied on a percentage split of 66% for

testing and 33% for training (2/3 for testing and 1/3 for training).

(i) Decision trees algorithm is one of the most popular classification technique in data mining and an upgrade
to Ross Quinlan C4.5 programs for machine learning they represent the group in a tree form, and there are
many advantages over other techniques. Some of the capabilities are: (i) Ability to handle binary, missing,
nominal attributes and class and, (i) Minimum number of instances allowed is zero

(ii) Bayesian algorithm is also a very popular classification technique which produces a high level of accuracy
compared to other techniques and works best on nominal data. The Bayesian network is a structure that gives
the conditional dependants between domain variables and may also be used to illustrate graphically the
probabilistic underlying relationships among domain variables. Some of the capabilities are: (i) Ability to
handle binary, missing, nominal attributes and class, (ii) Minimum number of instances allowed is zero.

(iii))OneR (One Rule) is a simple classification algorithm that generates a one-level decision tree. OneR is able
to deduce typically simple, yet precise, classification rules from a set of instances. OneR is able to handle
missing values and numeric attributes showing flexibility in spite of simplicity.

(iv) JRip (RIPPER) is one of the basic and most popular algorithms. Classes are examined in growing size and
an initial set of rules for the class is generated using incremental reduced error. JRip (RIPPER) proceeds by
treating all the examples of a particular decision in the training data as a class, and finding a set of rules that
cover all the members of that class.

(v) PART is a separate-and-conquer rule learer. The algorithm producing sets of rules called decision lists"
which are planned set of rules. A new data is compared to each rule in the list in turn, and the item is assigned
the class of the first matching rule. Some of the capabilities are: (i) Ability to handle binary, missing, nominal
attributes and class, (i) Minimum number of instances allowed is three

3.3.4  Result representation

The result shows the performance of each classification techniques and its accuracy level on the third split (1/3)
test dataset. The accuracy level of the prediction shows the critical attributes (courses) that affect the final
performance and the following estimates

(i) Correctly classified Instance

(i) Incorrectly classified instances

(ii) Kappa Statistic is the main metric used to measure how good or bad an attribute measurement system is
(iv) Mean absolute error is a measure of difference between two continuous variables.

(v) Root mean squared error (RMSE) is a frequently used measure of the differences between values

(sample and population values) predicted by a model or an estimator and the values actually observed.
The RMSD represents the sample standard deviation of the differences between predicted values and
observed values

(vi) Relative absolute error as the name suggests, the mean absolute error is an average of the absolute
errors, which is the prediction and the true value.

49



| - ey /
d. ) = crosseet Journal o
. Digital Humanities & Development Research

Content Registered Vol 6, No 2, June, 2020

(vii) Root relative squared error is relative to what it would have been if a simple predictor had been used.
More specifically, this simple predictor is just the average of the actual values. Thus, the relative squared
error takes the total squared error and normalizes it by dividing by the total squared error of the simple
predictor

(vii)  True positive rate is defined as the percentage ratio of correctly classified instances of a given class. True
positive rate (TPR) = TP/ (TP+FN)

(ix) False positive rate is defined as the percentage ratio of falsely classified instances of a given class. False
positive ratio (FPR) = FP/(FP+TN)

(x) Precision is defined as a proportion of instances that are truly of a class divided by the total instances
classified as that class. Positive predictive value = TP/(TP+FP) = PS

Each result after classification can be represented either in graphical form, html, CSV, or
plain text.

4, IMPLEMENTATION AND RESULTS

4.1 Dataset Description

4.1.1Data Sources

Final year student data from Computer Science Programme, Olusegun Agagu University of Science and
Technology, Okitipupa in the year 2013 to 2018 were collected from the database management system. The total
of 32 student’s records were used, the collected student record serves as the dataset and are presented in figure
2.
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Figure 2a: Students Dataset
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Figure 2b: Students Dataset

4.2 Analysis

The data were analyzed using WEKA toolkit. WEKA is a collection of supervised and unsupervised machine
learning algorithms and data processing tools. It contains various tools for data pre-processing, classification,
regression, clustering, association rules and visualization. There are many learning algorithms implemented in
WEKA including Bayesian classifier, Trees, Rules, Functions, Lazy classifiers and miscellaneous classifiers. The
algorithms can be applied directly to a data set. WEKA is also a data mining software developed in JAVA, it has a
GUI chooser from which any one of the four major WEKA applications can be selected. For this study, the Explorer
application was used.
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The Explorer window of WEKA has six tabs. The first tab is pre-process that enables the formatted data to be
loaded into WEKA environment. Once the data has been loaded, the pre-process panel shows a variety of
information as shown in figure 3.
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Hamilton, Mew Zealand J

Figure 3: Weka GUI Chooser

4.3 Data Visualization

After loading the data to WEKA, we got some primary useful knowledge about the attributes before applying any
data mining method by using the visualizing technique in the software. For instance, the result shows that most of
the students will be graduating with second class lower in figure 4, figure 5 shows the graph of students’ final
performance while figure 6 shows the visualization graph of distribution of class CGPA and some course
distribution

Fraprnesss | Dmsslly | Clesiar  dyssculy | e ol Setes | \inssies

[T iy LIS Fopen ERL.. [EET [T [E T ..
[T
Chacs  |Bdvyia e Selerion - b Wlipade Daks o Ot vl =P | o i i - S v 1 | SURTE | ]
Corrwes 1viatsos b twed 2=y dmnre
Arlation dalanrl by Alritwion 48 Mo CLPA T Worremad
Matsscis 14 aaw ol wegvie 10 Lt B ] [ L] g O [9%d
AllEmiry i Lt gt bk
L Sarm Erl Pallein Te
i ¥
il
| 4
I i
| =%
| Bi1 Cowws T Moma = | Winms b
= Tu T
| i
|CF
|
:
T
oo = =
LIFh
o L= gy

Figure 4: WEKA Explorer Interface
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Figure 6: Visualization Graph of distribution of class CGPA and some course distribution

4.4 Classifiers

There are many classifiers available in WEKA but decision tree (J.48), Bayesian (Naive Bayes and Bayesian
Network) and Rules (JRIP, oneR and Part) were used as the classification technique.

Table 1 shows the comparison of results before feature reduction with all 41 features on various classification
schemes while figure 7 shows the graphical representation of the false positive and false negative rate of each
classifier respectively.
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Table 1 : Comparison of Results of Training Data before Feature Reduction with all 41 Features using
Principal Component Analysis on various Classification Schemes

SCHEMES TP FP PRECISION RECALL F- ROC TIME
(%) (%) (%) (%) MEASURE | AREA | TAKENTO
(%) (%) BULD
EACH
MODEL
PART 72.7 14.4 .7 72.7 72.6 80.7 0.02
OneR 36.4 40.5 28.8 36.4 321 47.9 0
JRip 54.4 29.5 6.636 54.5 291 61 0.02
NaiveBayes | 81.8 11 81.8 81.8 81.8 95.8 0
J48 36.4 40.5 288 36.4 32.1 494 0
BayesNet 81.8 11 81.8 81.8 81.8 97.3 0.01
-h |
OneR Irip MNaiveBayes Bayeshet
mTF mFFP

Figure 7: The True Positive Rate and Fasle Positive Rate of each Classifier before Feature Reduction

By analyzing the results obtained in table 1 above using Kuang (2007) metrics, it was found that the results of true
positive rate (TPR) for PART = 72.7%, OneR = 36.4%, JRIP = 54.4%, NaiveBayes = 81.8%, J48 = 36.4% and
BayesNet = 81.8% respectively, which implies that NaiveBayes and BayesNet have the highest number of truly
classified instances compared with PART, OneR . JRIP and J48.

For false positive rate (FPR), PART = 14.4%, OneR = 40.5%, JRIP = 29.5%, NaiveBayes = 11%, J48 = 40.5%
and BayesNet = 11% respectively, which again shows that NaiveBayes and BayesNet have the lowest rate of
producing false classified instances compared with PART, OneR . JRIP and J48.

Upendra and Jain (2012) and Subbulakshmi et al. (2010) were of the opinion that any good classification scheme

should have the highest TPR and the lowest FPR. It is clear from table 1 and figure 7, that the NaiveBayes and
BayesNet schemes give better TPR, and FPR than the other four schemes.
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Table 2 shows the comparison of results (after feature reduction) with 9 features on various classification schemes
while Figure 8 shows the graphical representation of the false positive and fasle negative rate of each classifier
respectively.

Table 2: Comparison of Results of Training Data after Feature Reduction with 9 Features using Principal
Component Analysis on various Classification Schemes

SCHEMES TP FP PRECISION | RECALL F- ROC Area | TIME TAKEN
(%) (%) (%) (%) | MEASURE (%) TO BULD
(%) EACH
MODEL
PART 72.7 14.4 77.7 72.7 72.6 80.7 0.02
OneR 36.4 40.5 28.8 36.4 321 479 0
JRip 45.5 371 3.7 45.5 40.9 54.2 0
NaiveBayes | 90.9 11 924 90.9 904 94.7 0
J48 36.6 40.5 28.8 36.4 321 494 0.02
BayesNet 81.8 1 81.8 81.8 81.8 94.7 0
100
40
ll:l I I I I I
- Jnek Jrip MNaiveBayes Ezyeshet
ETF EFF

Figure 8: The True Positive Rate and False Positive Rate of each Classifier after Feature Reduction

By analyzing the results obtained in table 1 above using Kuang (2007) metrics, it was found that the results of true
positive rate (TPR) for PART = 72.7%, OneR = 36.4%, JRIP = 45.5%, NaiveBayes = 90.9%, J48 = 36.6% and
BayesNet = 81.8% respectively, which implies that NaiveBayes and BayesNet have the highest number of truly
classified instances compared with PART, OneR . JRIP and J48.

For false positive rate (FPR), PART = 14.4%, OneR = 40.5%, JRIP = 37.1%, NaiveBayes = 11%, J48 = 40.5%

and BayesNet = 11% respectively, which again shows that NaiveBayes and BayesNet have the lowest rate of
producing false classified instances compared with PART, OneR . JRIP and J48.

55



5 B Behavioral Tuformatics ’
d ® = Crossref J"“r“al “t
- Digital Humanities & Development Research

Content Registered Vol 6, No 2, June, 2020

5. CONCLUSION

The dataset was experiments with one decision tree algorithm (J.48), two Bayesian classifiers (Naive Bayes and
Bayesian Network) and three rule classifiers (JRip, OneR, PART). The dataset contains 32 instances, in which 20
instances were randomly selected and used as the test and 11 instances were used as the training dataset in
which the truly classified instances were recorded as 36.36%, 90.90%, 81.81%, 45.45%, 36.36% and 72.72%
respectively. After analysing student’s data using WEKA toolkit, from the result it was found that Naive Bayes,
Bayesian Network and PART perform above average in accurately predicting the pattern and telling critical courses
that can determine the output of each students final CGPA. The result also shows that from the total of 32 students,
8 students will be graduating with second class upper, 17 students will be graduating with second class lower while
7 students will be graduating with third class division.
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