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Abstract - Data mining (DM) is the process of applying
algorithms on large databases with the aim of discovering
knowledge that would help in taking informed decisions by
the management of academic institutions (Chalurapruek,
S, et al, 2018). This paper seeks to discover the best
classifiers to be used on educational data when using
Waikato Environment for Knowledge Analysis (WEKA).
The variables of importance namely carry-over, marital
status, age range, entry mode and accommodation location
were selected by J45 classifier. Four sampled datasets from
four schools/faculties namely School of Physical Sciences
(SPS), School of Environmental Studies (SES), School of
Technology and Science Education (STSE), School of
Agriculture and Agricultural Technology (SAAT)
belonging to Modibbo Adama University of Technology
(MAUTECH), Yola, Nigeria, were used for the DM task.
All the classifiers available in WEKA suite were applied
independently on the four different datasets. Notably,
classifiers such as J48, NaiveBayes, Logistics and
Regression gave better performances when compared with
the rest. In the comparative analysis, the Regression model
had the overall best performance of 98.366 %, 99.3197 %o,
96.3964 % and 96.875 % on the four datasets respectively.
The computed average performance of each of the four
classifiers on the four datasets gave97.5446 %, 94.6954 %,
95.670125 %, and 97.739275 % respectively.

Keywords: Multiple Classification Algorithms, Comparative
Evaluation, Waikato Environment, Data mining.

I. INTRODUCTION

Data mining (DM) approaches have been originally used in
business to predict items that are likely going to be purchased
together or customers that will patronise new items marketed.
DM is now applied in diverse fields notably amongst them
newly emerging, is Educational Data Mining (EDM). Data can
be collected form historical and operational data resident in
the databases of educational institutes and can be personal or
academic. In addition, it can be collected from e-learning
systems, which have a large amount of information used by
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most institutes (Romero and Ventura 2007, Romero et al.
2008)

Data mining has several tasks such as association rule
mining, classification and prediction, and clustering.
Classification is one of the most useful techniques in data
mining. There are several algorithms for data classification
such as decision tree and Naive Bayes classifiers (Al-
Radaideh and Nagi2012).

A lot of researches have been conducted using various
classification techniques in order to improve performance and
to handle various categories of data since research has shown
that data is one of the factors that affect performance of an
algorithm (Wittenand Frank2005).

One of the major challenges of using DM algorithm is that
of choosing the right one to apply on a data set in order to get
an optimistic  performance.  Luckilyy, WEKA has
comprehensive algorithms that can be applied on the fly on a
dataset or database so long as it is well cleansed without
having to transform the data from one form to the other as the
algorithms are varied. In this paper, we used the algorithms
available in WEKA (as listed in Table 1) on our datasets and
picked Naive Bayes, Simple Logistics, Classification via
Regression and J48 because they gave better performances.
Consequently, in comparison with these four algorithms,
Classification via Regression gave the best performance.

Il. LITERATURE REVIEW

In this section, the classification techniques that have given
optimistic performance on our datasets were reviewed. Also
reviewed are some few works that are related to this article as
employed by other researchers in order to find out the best
classifier(s) on their datasets since research has proven that
data plays a role in the performance of an algorithm.

2.1 Data Mining

Data Mining is the application of algorithms for extracting
knowledge from large data or data warehouse. There are tools
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that help in either building the model or mining the data. In
data mining, not a single technique is preferred over the other;
a method is preferred depending on the kind of problem one
wants to solve. Multiple methods can be integrated in order to
solve a problem. Examples of these methods include
Statistical, Decision Support Systems, Database Management
and Warehousing, Machine Learning, Visualization etc. are all
tools that interact and support a data-mining tool (Philip and
Pedro, 1999).

2.2 Classification

Classification is the process of grouping data or concepts
with similarities in a form of class of objects for the purpose
of using it as a model on a similar data in order to accurately
predict the unknown class of objects that exist in them (Kumar
and Chadha 2011). The model is generated based on the
analysis of a set of training data (that is, data objects for which
the class labels are known) and is used to predict the class-
label of unclassified objects. One way of using WEKA is to
apply a learning method to a dataset and analyze its output to
extract information about the data.

Another is to apply several learners and compare their
performances in order to choose one for prediction.

The learning methods are called classifiers (Witten and
Fran, 2004). Classifiers in WEKA are the models for
predicting nominal or numeric quantities. The learning
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schemes available in WEKA include Decision trees, Instance-
based classifiers, Support wvector machines, Multi-layer
perceptions, logistic regression, and Bayes net.

In classification, the predicted variable can be either a
binary or a categorical variable. Some popular classification
methods in educational domains include decision trees,
random forest, decision rules, step regression and logistic
regression. Note that step regression and logistic regression,
despite their names, are classifiers rather than regressors.

2.3 WEKA

WEKA is a data mining system that implements data
mining algorithms. WEKA is a state-of-the-art facility for
developing machine learning (ML) techniques and their
application to real-world data mining problems. It is a
collection of machine learning algorithms for data mining
tasks. The algorithms can either be applied directly to a dataset
or called from your own Java code. Weka contains tools for
data pre-processing, classification, regression, clustering,
association rules, and visualization (Michael and Gordon,
2004). Weka data mining tool can be used to mine a database
directly instead of extracting data before mining as the case is
obtained when using other machine learners/statistical tools.

Witten and Frank (2005) gave the breakdown of the
associated functional names of classifiers available in WEKA
as shown in Table 1.

Table 1: The Learning Schemes Available In WEKA

NAME FUNCTION
Bayes AODE Averaged, one-dependence estimators
BayesNet Learn Bayesian nets

ComplementNaiveBayes
NaiveBayes
NaiveBayesMultinomial
NaiveBayesSimple
NaiveBayesUpdateable
Trees ADTree
DecisionStump

1d3

J48

LMT

M5Rules

NBTree
RandomForest
RandomTree

REPTree
UserClassifier
ConjunctiveRule
DecisionTable

JRip

M5Rules

Nnge

OneR

Part
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Build a Complement Naive Bayes classifier

Standard probabilistic Naive Bayes classifier

Multinomial version of Naive Bayes

Implementation of Naive Bayes

Incremental Naive Bayes classifier that learns one instance ata time
Build alternating decision trees

Build one-level decision trees

Basic divide-and-conquer decision tree algorithm

CA4.5 decision tree learner (implements C4.5 revision 8)

Build logistic model trees

Obtain rules from model trees built using M5

Build a decision tree with Naive Bayes classifiers at the leaves
Construct random forests

Construct a tree that considers a given number of random features at each node
Fast tree learner that uses reduced-error pruning

Allow users to build their own decision tree Rules

Simple conjunctive rule learner

Build a simple decision table majority classifier

RIPPER algorithm for fast, effective rule induction

Obtain rules from model trees built using M5¢

Nearest-neighbour method of generating rules using non nested generalized exemplars
1R classifier

Obtain rules from partial decision trees built using J4.8
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Predict the majority class (if nominal) or the average value (if numeric) Functions

Prism Simple covering algorithm for rules

Ridor Ripple-down rule learner

ZeroR

LeastMedSq Robust regression using the median rather than the mean
LinearRegression Standard linear regression

Logistic Build linear logistic regression models

MultilayerPerceptron
PaceRegression
RBFNetwork

Backpropagation neural network
Build linear regression models using Pace regression
Implements a radial basis function network

SimpleLinearRegression Learn a linear regression model based on a single attribute

SimpleLogistic

Build linear logistic regression models with built-in attribute selection

SMO Sequential minimal optimization algorithm for support vector classification

J48

J48 is WEKA version of C4.5 decision tree algorithm. It
permits decision makers to change confidence threshold
responsible for tree pruning to produce minimum required
number of instances permitted at a leaf (Aftarczuk, 2007). The
C4.5 algorithmis an extension of ID3 algorithms both
developed by Ross Quinlan in 1989 and 1993 with additional
features to handle missing values, classification of continuous
attributes, tree pruning and rule derivation. Decision trees
represent rules; rules can readily be expressed in English so
that humans can understand them. They are produced by
algorithms that identify various ways of splitting a dataset into
branch-like segments. Decision tree algorithm is a popular
procedure today because of its ease of implementation and in
particular because of the possibility for the results to be
graphically displayed (Osmanbegovi¢ & Sulji¢, 2012).

2.3.1 Naive Bayes

The Bayesian Classification represents a supervised
learning method as well as a statistical method for
classification of both discrete and Continuous variables.
Assumes an underlying probabilistic model and it allows us to
capture uncertainty about the model in a principled way by
determining probabilities of the outcomes. It can solve
diagnostic and predictive problems. This Classification is
named after Thomas Bayes (1702-1761), who proposed the
Bayes Theorem (software.ucv.ro).

According touros@krcadinac.com (2015) Naive Bayes
makes two “naive” assumptions over attributes:

i. All attributes are a priori equally important;

ii. All attributes are statistically independent (value of one
attribute is not related to a value of another attribute).

These assumptions mostly are not true, but in practice, the
algorithm gives good results

P(E\H)*P(H)

P(H\E) = =252

Where
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H — Hypothesis

E — Evidence related to the hypothesis H, i.e., the data to
be wused for \wvalidating (accepting/rejecting) the
hypothesis H

P (H) — probability of the hypothesis (prior probability)

P (E) — probability of the evidence i.e., the state of the
world described by the gathered data

P (E|H) — (conditional) probability of evidence E given that
the hypothesis H holds

P (HIE) — (conditional) probability of the hypothesis H
given the evidence E

Naive Bayes classification can be use in:

i) Naive Bayes text classification

ii) Spam filtering (a mechanism that distinguishes
illegitimate spam email from legitimate email).

iii) Recommender Systems (for filtering unseen
information and predicting whether a user would like
a given resource).

2.3.2 Regression

Regression is used to evaluate the relative impact of a
predictor variable on a particular outcome. However,
regression fits functional dependencies between factors more.
The term functional dependency refers to a factor being a
partial determinant of an occurrence. For example, the
availability of Internet facility in an institution is a determinant
factor for performance. There are other types of regression e.g.
multiple linear, logistic, and ordinal (Zou et al. 2003). The
most popular regression within educational data mining is
linear regression. Regressions such as Neural Networks and
Support Vector Machines, which are prominent in other data
mining domains. They are somewhat less common in
educational data mining. This is thought to be because the
high degrees of noise and multiple explanatory factors in
educational domains often lead to conservative versions being
more successful. Regressions can be validated using the same
overall techniques as that in classifiers, often using the metrics
of linear correlation or root mean squared error (RMSE).
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2.3.3 Simple Logistic

Simple Logistic builds logistic regression models fitting
them using Log it Boost with simple regression functions as
base learners and determining how many iterations to perform
using cross-validation which supports automatic attribute
selection (Landwehr et al. 2003). Logisticis an alternative
implementation for building and using a multinomial logistic
regression model with a ridge estimator to guard against over
fitting by penalizing large coefficients (Cessie and
Houwelingen, 1992).

2.3.4 Evaluation

Evaluation means to assess or appraise the performance of
instances in a data set or to judge something with respect to its
worth or significance or quality. The predictive performance
of an algorithm can be evaluated using statistical formula or
an automated system (Machine Learning tool) which outputs
statistical results summarizing how accurately the classifier
was able to predict the true class of the instances under the
chosen test module. The set of measurements is derived from
the training data (Witten and Frank 2005).

2.4 Related Works

Data mining techniques can be used in educational field to
enhance our understanding of learning process to focus on
identifying, extracting and evaluating variables related to the
learning process of students (El-Halees 2009).

Kotsiantis, et al. (2004) applied five classification
algorithms  namely Decision Trees, Perception-based
Learning, Bayesian Nets, Instance-Based Learning and Rule-
learning to predict the performance of Computer Science
students. The filtration was based on variable selection
technique that was used to select highly influencing variables;
and all the above five classification models were constructed.
It was noticed that the NaiveBayes yielded high predictive
accuracy (74%) for two-class (pass/fail) dataset.

Sudha and Kumaravel (2017) conducted a comparative
analysis between two data mining tools ROSE2 (which uses
Rough set theory base classification method) and Tanagra tool
which has the following four algorithms inbuilt: NaiveBayes,
C4.5, C-RT, and K-NN. Experiment was performed in order to
predict the disease in patients using instances involved in
arrhythmia disease. The accuracy level showed that Tanagra
performed better than Rose2 tool, but comparatively, C4.5
superseded the other four algorithms with prediction Accuracy
of 85% compared to NaiveBayes, C-RT, K-NN and ROSE2
which had 75.71%, 74%, 72%, and 70.25% respectively.
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Yadav and Pal (2012) conducted a research on frequently
used decision tree classifiers C4.5, ID3 and CART so as to
discover the best classifier for the prediction of student’s
performance in First Year of engineering examinations. The
decision trees predicted the number of students who are likely
to pass, fail or promoted to next year. A comparative analysis
of the results showed that C4.5 technique had the highest
accuracy of 67.78% - which is acceptable when compared to
ID3 and CART algorithms.

Aziz et al. (2014) developed Students’ Academic
Performance prediction models for the first semester students
of the department of Computer Science Universiti Sultan
Zainal Abidin (UniSZA) using three selected classification
methods; Naive Bayes, Rule Based, and Decision Tree. The
comparative analysis conducted discovered that the best
classification model, which showed the best result, is that
developed using Rule Based and Decision Tree algorithm
compared to the model developed from the Naive Bayes
algorithm.

I1l. METHODOLOGY
Discuss: Theories, techniques and tools used in this paper

The data-mining task used sampled datasets collected from
four schools: SPS, SES, STSE and SAAT. The four different
datasets were used in the comparative analysis of the
classifiers J48, NaiveBayes, Logistics, and Regression.
Consequently, 10-fold cross-validations were used on each of
the classifiers trained on each of the datasets so that minority
representations would not be overlooked.

IV. EXPERIMENTS
4.1 Performance

The word performance is used in two scenarios: a)
Performance is known as the percentage proportion of all
classified cases in the dataset (the variable that assesses the
efficiency of a model during analysis); b) It was used in
naming one of the attributes used in the dataset as detailed in
Table 2.

Table 2: CGPA classified into two categories

CGPA PERFORMANCE
Above 2.39 Yes
Below 2.40 No

Predictive accuracy (Performance)

TP+TN

- 100%
TP+TN +FP + FN
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Table 3: Confusion matrix Table 6: Confusion Matrix for Logistic on the Four selected datasets

Predicted positive | Predicted negative

Yes No

Actual positive TP FN - SPS
Actual negative FP TN 3 .
Yes 38 10 Prediction Accuracy
4.2 Confusion Matrix o g 250 001176 5
The four classifiers: J48, NaiveBayes, Logistics and Ves No SES

Regression were ran on the four different datasets of SPS,
SES, STSE and SAAT,; and their performances and confusion Yes 207 0 Prediction Accuracy
matrix have been summarised in Tables 4 to 7.

No 2 84 99.3174 %
Table 4: Confusion Matrix for J48 Classifier on the Four selected
datasets e
T e STSE
. Tes 92 1 Prediction Aeccuracy
Yes No SPS h
Tes 4 4 Prediction Accuracy Ne 4 14 05 4055 %
No 0 258 98,6228 % .
Yes No SAAT
Yes Ne SES
Yes 25 ] Prediction Accuracy
Yes 44 4 Prpdiction Accuracy
No ] 258 9B8.6528 % Ne 2 3 8375 %
Yes No STSE
Table 7: Confusion Matrix for Regression on the Four selected datasets
Tes o1 2 Prediction Accuracy
No 2 16 56.3%64 %
Tes No
Tes No SAAT SPS
Tes a1 2 Prediction Accuracy Tes 43 3 Prediction Accu.ra:;.-‘
Ne 2 16 06,3264 % N ras
No 0 258 08.366%
Table 5: Confusion Matrix for NaiveBayes Classifier on the Four selected Yes No SES
datasets
Tes 207 1] Pradiction Accuracy
Yes No 5ps
No 2 83 90 3107%
Tes 44 4 Prediction Accuracy
No 0 258 98.6928 % Yes No STSE
= L SES Ves 91 2 Prediction Accuracy
Yes 207 0 Prediction Accuracy
No 2 16 06.3964 %
No 2 84 99.3174 %
Yes No STSE H= 1 SAAT
Tes o2 ! Prediction Accuracy Tez 25 0 Prediction Accuracy
No 3 15 96.3964 % R .
No 1 6 96.875%
Yes No SAAT
Tes 23 2 Prediction Accuracy
No 3 4 84.375 %
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4.3 Performance of J48, NaiveBayes, Simple Logistic and Regression Classifiers Tabulated

Table 8: Performance of the selected best four models in WEKA

PERFORMANCE IN %
MODELS SPS SES STSE SAAT AVERAGE
J48 98.69 98.69 96.40 96.40 97.55
NaiveBayes 98.69 99.32 96.40 84.38 94.70
Simple Logistic 94.12 99.32 95.50 93.75 95.67
Regression 98.37 99.32 96.40 96.88 97.74
A LINE GRAPH SHOWING THE PERFORMANCE OF EACH MODE AGAINST
105 FACULTY
100
a5 - R g - -
w 148
5 =0
§ MaiveBayes
s
E g5 — w = Simple Logistic
]
E _
=] —a— AEErESION
& =0
- SPAS SES STSE SAAT AVERAGE

PERFORMANCE

Figure 1: Performance of four selected sampled Classifier in WEKA

V. DISCUSSION

J48 algorithm was applied on the sampled data seven
hundred and seventy-three (743) records put together collected
from four Schools/Faculties of SPS, SES, STSE and SAAT in
MAUTECH, Yola Nigeria for the selection of variables of
importance that were subsequently used on the rest of
classifiers. The attributes carry-over, marital status, age range,
entry mode, and accommodation location were picked as the
variables of importance.

We then tried the different classifiers in WEKA suite on the
four data sets independently. The classifiers J48, NaiveBayes,
Simple Logistics and Regression gave better performances
with Regression giving the best performance of 98.366,
99.3197, 96.3964 and 96.875 respectively. The average
performance of each classifier was computed on the four
datasets and the results obtained were 97.5446, 94.6954,
95.670125 and 97.739275 respectively.
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The performances of these selected algorithms were plotted
in a line graph as depicted in Figurel. The results for J48,
NaiveBayes, Simple Logistics and Regression are almost the
same for the Schools/Faculties SES and STSE. Since we have
tried all classifiers on varied datasets, the results obtained gave
varied performances which imply that data also plays an
important role in the performance of an algorithm.

VI. CONCLUSION

The comparative analysis of results from the four different
classifiers J48, Logistics, Regression and NaiveBayes revealed
that Regression model had the overall best performance for the
four sampled schools of SPS, SES, STSE and SAAT. From
the experimental results obtained, we recommend that
Regression, J48, Simple Logistic and NaiveBayesto be used
on EDM when using WEKA suite. Note that the listing of
their classifiers is in order of preference. We also draw
conclusion that the success of a data-mining task is dependent
on the algorithm and data used.
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