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Abstract

Classification techniques have sensed substantial attention in Information Engineering and Technology for the performance prediction and
optimisation since few decades. The discovered accuracy of the Classification Model helps the institutional practices and student’s perfor-
mances. In this paper, a novel Ensemble-based Hybrid Classification Approach (EHCA) has been proposed to be managed to produce
improved performance prediction. The mining process with new attributes based on student behaviours has also been incorporated, since
it creates a great impact on their academic performances. Moreover, the performance of the students is analysed with a set of classifiers in
Educational Data Mining (EDM) namely, Naive Bayesian, Support-Vector-Machine (SVM) and J48. Futuristic-bound Ensemble approach
is employed for enhancing the classifier performances. Here, the futuristic methods of ensembles of Bagging, Classification Boosting and
Stacking are used for optimising the results with more precision. Further, the process of Ensemble-based Hybrid Classification is analysed
and tested with the dataset collected from Kerala Technological Univer-sity-SNG College of Engineering (KTU_SNG). The results ob-
tained are compared with the results obtained for utilized single classi-fiers and the EHCA on the basis of performance efficiency and
classification accuracy. The work evidence the efficiency of the pro-posed approach and proves its reliability in Profound Performance
Prediction and Optimisation.

Keywords: Classification; Ensemble-Based Hybrid Classification; EHCA; Performance Prediction; Educational Data Mining EDM..

1. Introduction learning, Ensemble modelling has been the most influential growth.
The model includes the combination of multiple analytical classifi-
cation models and then, fusing the results into single classification
with more accuracy than the best of its elements [29]. The flow
given Figure 1 shows the overall generic work process in the pro-
posed model. Moreover, an ensemble of classifiers unifies the pre-
dictive results of multiple models based on two objectives.

1) The first objective is to enhance the accuracy rate of overall
prediction results, when compared to the results obtained by
using single classifier.

2) The second objective is to attain a considerable generaliza-
bility based on different dedicated classifiers involved in the
process.

In present decade, the data mining techniques are widely used in
different field ranges from marketing, finance, healthcare, security,
government and education. Since it has been an ingrained field for
finding meaningful pattern and relationships that make the user to
derive knowledge and get larger value from the data. Data mining
process can be effectively used in Educational systems for pattern
discovery of students, student categorization and modelling, auto-
mation of prediction of their academic performances, which can be
termed as the Educational Data Mining (EDM). EDM has been the
greatly researched area in present scenario, though the results and
observation have been utilized to provide ways to enhance the effi-
ciency of the educational sectors and the accuracy of performance
prediction of the traditional methodologies are not effective to the
core to guarantee the earlier identification of student’s criteria and
intervention. Hence, the proposed model involves in the enhance-
ment of student preservation and progression with higher
knowledge and potential skills, which has a serious impact on soci-
ety and economic growth.

As is auspicious, that the EDM is an emerging domain that con-
cerned with proposing methodologies for surveying about the
unique data categories that arrive from various educational back-
grounds and utilizing those for betterment of students. With that
concern, the proposed model Ensemble based Hybrid Classification
Approach (EHCA). Based on the results obtained from the base
classifiers, the further classification has been made with the ensem-
ble-based technique. In current trends of data mining and machine
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Fig. 1: Functions Involved in the Proposed Work.

Accordingly, an ensemble model can determine solutions in places
where the single classification models may have some complica-
tions. Furthermore, the major essential principle is that an ensemble
can choose a set of hypotheses out of some larger hypotheses space
and fetch their prediction results together [23]. So, the philosophy
of the ensemble classification model is that another base classifier
that balances the errors made by one classifier. The general ensem-
ble mechanism is portrayed in the Figure 2.

Here, for the effective construction of ensemble classifier, three ma-
jor techniques are used: bagging, boosting and stacking. Bagging is
a learning algorithm of ensemble model based on the bootstrap ag-
gregation pattern. The second, boosting process concentrates on the
instances of dataset that employs training each new instance from
the previously identified errors for producing the predictive models.
The final stacking is considered to be the stacked generalization,
which is generated from the combination of several models in var-
ious ways by incorporating the meta-learner conceit. Moreover,
WEKA is the tool used here for implementation, which is open
source software that provides excellent framework for data mining
and machine learning experimentations. With these notes, the pro-
posed EHCA has been taken as exact tool for accurate student per-
formance prediction with minimal error or misclassifications and
also involved in identification of students at risk.

" Acquired Dataset

Base Classifiers

Classifier 1 | Classifier 3

Classifier 2

Ensemble based Classifier

A

|| Ensemble Output

Fig. 2: Generic Ensemble Mechanism.

The remainder of this paper is organized into five sections: the sec-
ond section gives a brief note about the problem statement. The
third section deliberates about the related works using various clas-
sification methodologies and ensemble of classifiers in Educational
Data Mining (EDM) in student performance analysis. The fourth

section narrates the work process and framework of the proposed
Ensemble based Hybrid Classification Approach (EHCA). Section
five provides the experimental results and the comparative results
of the proposed work and finally, section six concludes the paper
with some points to future research scope.

2. Problem statement

The problem is defined specifically designing an Ensemble model
for combining prediction efficiencies of classification algorithms
such as Naive Bayes, SVM and J48 classifier for achieving better
results in EDM. The developed model provides better rate of accu-
racy when compared with the results obtained using single classifier.
The Ensemble based Hybrid Classification Approach (EHCA) has
been analysed with various factors using the KTU_SNG student da-
taset containing 232 samples of with 45 attributes each (comprises
both student’s personal information and academic performance).

3. Related works

However, the importance of student’s performance prediction has
been on the utilization of their cognitive capability, log activities in
Learning Management System (LMS) along with the student dem-
ocratic attributes. Moreover, in [17], [21], [15] and [16], the authors
have used demographic information as well as the student core for
predicting the student performance, even many studies use machine
learning methodologies such as Support Vector Machine (SVM),
Artificial Neural Networks (ANN), etc.

In [20], [24], [2] and [8], the final grade of students is predicted
using the log data derived from the web based system such as
Learning Management System. The methodologies have used the
attributes such as number of online sessions, login frequency, num-
ber of original and follow-up posts read or generated, content pages
read. However, the most frequently used predictor variables derived
from the LMS are completely based on the number of posts viewed,
the amount spent online, study materials access and frequency of
login.

In a different way, the works of [13], [26] and [11] utilized survey
questionnaire techniques for collecting the student’s personal and
intrinsic data that are not clearly accessible over the database for the
prediction of student’s performance. Furthermore, the evaluation of
the factors such as learning styles, personality traits, strategies of
learning and motivational factors have also been analyzed. In a sim-
ilar study processed in [25], three predictive models have been de-
veloped on the basis of survey-based retention methodology, frame-
work of open data sources and internal database of institutions.
Those methodologies have been compared and the performances
are evaluates using the analytical models.

In general, there are number of studies in this research process have
been accomplished that uses various methodologies and techniques
for the evaluation of student’s performance. These comprise Artifi-
cial Neural Networks (ANN) [21], decision tree algorithms [27],
Naive Bayes [28] have used “key” democratic variables of students
and their academic grade for the performance prediction of students
in open university based on six different algorithms of linear regres-
sion, neural networks, model trees and support vector machine.

A hybrid algorithm has been implemented in [3] by using the con-
cept of clustering and decision tree algorithm for the classification
of the data samples. Specifically, the authors have used K-means
clustering and Decision tree based classification for the proposal. In
[30], the cluster and classification technique has been combined to
improve the classification accuracy rate. Further in [14], Global
Model for Classification (GMC) has been developed for enhancing
the accuracy rate of classification in supervised learning. The de-
sign also includes the ensemble technique called bagging for better
results.

In [22], it is stated that the J48 based classification has been the best
decision tree induction algorithms for enhancing the predictive per-
formance and also solving the disadvantages by pruning trees
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method. The authors have introduced a novel decision tree algo-
rithm based on the classifier called J48 and the reduced error prun-
ing. Moreover, the pruning methodology reduces the computational
complexity and over fitting in final classification, thereby improves
the classification accuracy.

Further, the results of decision tree classifier can be enhanced by
the ensemble method, since it this better than the results obtained
from single method classification. However, the ensemble results
are completely based on the base classifier selection [19]. Adaboost
and bagging are the two ensemble concepts included in the paper
for obtaining effective results of classification analysing diabetes
patients.

In a different way, improved classification has been achieved for
SONAR dataset using ensemble methods such as boosting, bagging
and blending with J48 as base classifier in WEKA tool [1]. Mul-
ticlass classification has been performed using boosting and over-
sampling in [7]. The binarisation technique has been employed on
the basis of One-Versus-All (OVA). Boosting is incorporated for
solving the instances that are hard to learn and oversampling is for
handling the issue of class imbalance problem. Furthermore, a new
decision tree algorithm called NEC4.5 has been developed in [31].
This algorithm involved in training a neural network ensemble ini-
tially and the trained ensemble is induced to produce a new training
set based in the desired class label replacement of the original train-
ing samples. Some additional training samples are also generated
and added to the new training set of samples. The review work
given in [4] has provided valuable information about the various
classification models that are incorporated in the field of Educa-
tional Data Mining, for analyzing the student’s academic perfor-
mance and improve their results, in such a way improving the over-
all reputation of the educational institution.

In a different way, tuned J48 classification model has been de-
scribed in [5]. Moreover, in that paper work, the classification re-
sults of models like Naive Bayes, Bayes Net, Multilayer Perceptron,
SVM, REP Tree and Random Forest are evaluated and compared.
The model produced results with 90.8% of accuracy rate. Further,
Bound Model for Clustering and Classification (BMCC) is pro-
posed and described in [6]. The work has been designed with the
combined efficiencies of J48 decision tree based classification and
k-means clustering. The process has been evaluated in WEKA tool
and the results are compared with some conventional classification
techniques. The model came up with 94.83% of accuracy for the

base model and a slightly improved result of 97% with optimization.

4. Proposed methodology

The research scope concentrates on tracking and extracting student
data for the case of enhancing the teaching methodologies and
learning capabilities of students, which have been the significant
goals in EDM. Hence, the capability to evaluate the academic per-
formance of students is very crucial in the scenarios of educational
domains. Perhaps, evaluation of student’s academic performance is
a challenging phase, since it depends on several factors such as per-
sonal, psychological, social-oriented, economic-centric and other
dynamic environmental conditions. With those concerns, by ana-
lysing the all significant attributes, an efficient framework has been
developed here to present the most informative knowledge repre-
sentation.

Based on the valuable survey works and background research, the
Ensemble based Hybrid Classification Approach (EHCA) has been
developed. For the purpose of evaluation and experimentation, the
recent real time data called KTU_SNG student dataset is collected
from the Kerala Technological University-SNG College of Engi-
neering (KTU_SNG). Moreover, some conversion process is car-
ried out for the acquired dataset into a format, which is feasible for
processing in WEKA tool. Moreover, it is to be given that the data
set contains 232 samples with 45 attributes (i.e. total number of rec-
ords are about 10440).

4.1. Ensemble based hybrid classification approach
(EHCA)

The overall work process involved in Ensemble based Hybrid Clas-
sification Approach (EHCA) has been portrayed in the Figure 3. As
an initial process, the required student information based on the de-
signed attributes is acquired from the dataset. Then, it is given for
data pre-processing that includes data cleaning and feature selection.
The acquired data must undergo the aforementioned two processes
before providing it for the process of data extraction. The overall
intention is to predict the success and categorize Students_Nature
under the Classes such as Outstanding, Excellent, Good, Average,
low and very low. The following Table 1 illustrates some sample
attributes along with their depictions and domain values obtained
from the source dataset.

4.1.1. Data pre-processing

Data cleaning it the process involved in removing irrelevant attrib-
utes. There were attributes which seems to have less contributing in
its nature or possesses a redundancy of existence. For an instance
of student data, the attributes like community or financial status, etc.
are not necessary to evaluate the intellectual performance of the stu-
dents, since those domain values does not have any impact on that.
But, those attributes are unavoidable on the dataset to be given as
input to the proposed model. Accordingly, the missing values may
also present in the dataset, which has to be removed for reducing
the computational complexity over the mining process. Following
that, the selection of significant parameters is taken for considera-
tion. Feature selection is a process to select the most relevant attrib-
utes from the instances obtained from the complete dataset as a pro-
cess of reducing dimensionality that helps for providing better clas-
sification results.

Moreover, two statistical methods are incorporated for determining
the significance of each individual variable. Those are, Chi-square
attribution evaluation for analyzing the qualitative student data
based on the association between the instances and Information
Gain attribute evaluation is to evaluate and treat the missing values
into detached variables for effectiveness.

Data Preprocessing

Data Cleaning Feature Selection

Classification with Base Classifiers

Training Dataset
Naive Bayes Svm J48

Ensemble Method with Meta
Classifiers

Baging Boosting Stacking

Testing of Classification Results Validation & Evaluation

Knowledge Representation

Fig. 3: Framework of Ensemble based Hybrid Classification Approach.

Table 1: Sample Attributes from the Obtained KTU_SNG Dataset for Pro-
cessing EHCA

Attributes Description Possible Values
Gender Student’s sex {M, F}

Age Group Based on DOB {between 17 to 25}
Blood Group CIELD @F 2T 7 e Varying for Samples

case of Emergencies
Financial Status of the
family for Scholarship
purposes

{<10,000, (10,000-
30,000), (30,000-
50,000), >50,000}

Family Income
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Economically
Backward

Extracurricular

Category

Admission
Type

High School Fi-
nal Grade
Qualification
Grade

Program

Branch

Internal Marks
Lab Perfor-
mance
Attendance
Total Credits
Students_Na-

Financial Stability of
family
National/International
level sports player, ath-
lete, dancer or musician
Communal Category for
Scholarship purposes
Mode of admission for
Scholarship
Educational Excellence
in School level
Educational Excellence
in Plus Two level
Degree information
Department of the stu-
dent

Class test performances

Lab Activities

Total Attendance Per-
centage
Marks obtained

Nature class of Students

{True, False}

{Yes, No}

{OC/FC, OBC,
SC/ST}

{Merit, Management}

{A A+ B, B+ C, C+}

{low, average, good,
best, excellent}

B.E/B. Tech

{CS, CE, ME, ECE,
EEE, NASB}

Based on internal class
performances and At-
tendance

Based on Lab Attend-
ance and Record books
Varies from 70 to 100
(change to 75 to 100)
Given in credit rating
{Outstanding, Excel-
lent, Good, Average,

ieliz Low, Verylow}
{Pass, Fail}

Result Calculated from marks

4.1.2. Classification using base classifiers

Support Vector Machine (SVM) classifier, Naive Bayes classifica-
tion model and the J48 decision tree are the three base classifiers
used in this proposed model. Moreover, they are briefly described
below:

Support Vector Machine (SVM)

As is well-known, SVM is a learning methodology for handling the
issues over object detection and pattern recognition, and also for
evaluation and mapping-up of linear and non-linear functions.
Moreover, a set of hyperplanes are constructed in the high-dimen-
sional space for better classification outcomes. The optimum hyper-
plane which maximize margin of support vectors are selected and
used.

However, in the application of EDM, specifically, the predictive
analytics is still considered to be limited. As mentioned in the Fig.
4, the two margins denote the distance between the training data
termed as support vectors and the solid line called the hyperplanes.
From that, the SVM classification algorithm involves in finding the
best optimal hyper plane that classifies or separates the data exactly.
Naive Bayes Classification

Naive Bayes classification algorithm is a simple probabilistic clas-
sifier that computes a set of probabilities based on the frequency
count and the combinations of values provided in the dataset. The
Naive Bayes classifier is dependent on the Bayes’ Theorem with
the liberal assumptions between predictors.

J48 Decision Tree based Classification

J48 is an open source java implementation of C4.5 in the Weka tool.
For classifying the new instance from the dataset, the classification
algorithm initially required to create a decision tree oriented to the
attribute or domain values of the accessible training data. Hence,
when it obtains a set of instances or training dataset, it recognizes
the attributes and their values that provide discrimination of several
instances. Moreover, in this algorithm, the classification is pro-
cessed continually till it attains the pure leaf; hence the results ob-
tained must be as accurate as possible.

4.1.3. Ensemble classification using meta classifiers

Ensemble model based classification has become the most domi-
nant development in Data mining at present. The methodology in-
volves in uniting multiple classification models and then, producing
the results into one generally more precise than the best of its base
classifiers. An Ensemble based classifier combines the predictions
from multiple methodologies based on two goals:

1) Boosting the overall classification accuracy compared to the
single base classifier.
2) Achieving a better generalizability based on various special-
ized classifiers included.

Accordingly, an ensemble can determine solutions where a single
classifier may have some difficulties. The main objective of the pro-
posed EHCA is that of selecting a set of hypotheses out of all avail
and unites their determinations into one. The common philosophy
behind the EHCA is that one base classifier balances the error made
by the other.
Here, three major approaches of Ensemble methods are used for the
classifier construction, bagging, boosting and stacking. The ap-
proaches are explained below:
Bagging
Bagging is considered to be an ensemble learning algorithm that is
working on the basis of bootstrap aggregation. It generally takes the
base models within the ensemble and assigns equal weights to all.
Itis stated as an easy algorithm for implementation and also affords
better performance results. The majority voting technique that pools
all the classifier results together and the class with greatest vote for
each instance is considered as the final result. The overall working

demonstration of bagging technique is illustrated in the Figure 4.
Student Database

B
CL=

Datdset 2

Step 1:
Creation of Multiple
Dataset

Dathset n

Dataget 1

AA

Classifier 2

Step 2:
Building-Up of Multiple
Classifiers

Classifier 1 Classifier m

Step 3:
Combining Classifiers

Fig. 4: General Work Process in Bagging.

Boosting

Boosting is a slightly different technique from bagging. It generally
involves in enhancing the performance of any base classifier and
also minimizes the error or misclassification of the weak one. Fur-
ther, the boosting method concentrates on the instances for dataset
that includes training each new instance models from the erroneous
classification of the previous model for generating the predictive
patterns. Like bagging, boosting can also be employed to similar
algorithm and uses voting majority strategy for decision making.
Stacking

Stacking is an ensemble learning algorithm can also be stated as
stacked generalization that combines multiple approaches with the
inclusion of meta-learner concept. It works on the basis of con-
structing different learners that are utilized to develop an interme-
diate prediction that has become the input for the meta-classifier for
final result. It also helps in reducing the generalization error rate
and also enhances the performance accuracy. The pictorial repre-
sentation of the process of stacking is given in the Figure 5.
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Classifier 1 Classifier 2 Classifier 3

Meta Classifier
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Fig. 5: Ensemble Model Using Stacking Approach.

The base stage models are trained depended on a full training set,
then the meta model is trained with the outcomes of the base models
as feature sets. The algorithm given in Table 2 runs over stacking.

Table 2: Stacking-Algorithm Summarized

Algorithm Stacking
: Input: training data D = {x;, ¥ }72,
Ouput: ensemble classifier H
Step 1: learn base-level classifiers
fort=1to T do

learn h: based on D
end for
Step 2: construct new data set of predictions
for i =1 to m do

Dy = {=}, y:}. where =} = {hi(xz:), ..., hr(z)}
: end for
: Step 3: learn a meta-classifier
12: learn H based on Dy
13: return A

o
[ A A

4.2. Decisive metrics for performance evaluation

The parameters such as specificity and sensitivity are used to meas-
ure the performance of the proposed methodology [10]. The Table
3 exemplifies a sample Confusion Matrix of analysis. The main fac-
tor that is used here is producing ROC (Receiver Operating Char-
acteristics) graph that are significantly used for the determination
of cut-off value for the specific process of accurate classification.
Generally, the graph is plotted between the obtained values of True
Positive Rate (TPR) and False Positive Rate (FPR).

Table 3: Sample Confusion-Matrix

Predicted
Observed Positive Negative
Positive TP (# of TPs) FN (# of FNs)
Negative FP (# of FPs) TN (# of TNs)

The resulted outcome would be positive or negative. Here, the re-
sults of the ensemble classification are determined by the values of
True Positive (TN), False Positive (FP), True Negative (TN) and
False Negative (FN) values. Further, the performance analysis de-
pends on the following evaluations.

The rate of sensitivity is described as the possibility of the classifi-
cation result to be positive when there is the classification is appro-
priate and it is computed as follows.

Sensitivity Rate (SR) = % = Recall (1)

Specificity rate is another decisive factor that is defined as the test
result is negative, in a specific class.

TN
FP+TN

Specificity Rate = = TNR 2

The retrieval of positive predictions is called as precision. In partic-
ular, it is defined as the ratio of the predicted true positives out of
all actually positive results. The formula is given as follows:

True Positive (TP)
True Positive+False Positive

Precision Rate (PR) = (3)
Accuracy is defined as the ratio of total number of accurately clas-
sified samples in to the total sum of acquired instances. Scientifi-
cally, it can be defined as,

TP+TN

Accuracy = —
Y = TP+TN+FP+EN

*100 4)
F-measure is a significant parameter for evaluating the proficiency
of the proposed EHCA. It combines the TPR and the Precision
Rates (PR) into an instant measure of performance. The equation is
stated as follows,

2+xTPR+PR
F_Measure = ———— (5)
TPR+PR

The precision and recall and its harmonic average are termed as the
F1 score, where the best value of F1 score is at 1 (the perfect preci-
sion and recall) and the worst case is at 0.

Besides False Positive Rate (FPR) is also calculated for the false
interpretation rate as follows.

False Positive Rate = 1 — specificity = 1 — TNR (6)

T-Test: The final evaluation of this experimental work for classifier
evaluation is done using Paired T-Test for classifiers. Weka work-
bench experiment options are used to test its effectiveness. Weak
learning model and strong learning model can easily be identified
from the outputs. Percent Correct is set as the comparison filed all
through the test. This t-tester assumes the samples are independent.

5. Results

The experimental analysis has been carried out with the acquired
KTU_SNG student data set which contains 232 samples with 45
performing attributes (i.e. total number of records are about 10440).
The dataset is an initially pre-processed, contributory feature se-
lected and feature extracted using Info-Gain-Ranker method to
eliminate non-performing rank 0 attributes. However, majority of
performance parameters are though now seeming ineffective cannot
be eliminated as it has correlations and variations with other courses.
Moreover, the data file is saved in the file format called Comma
Separated Value (CSV) in MS-Excel and then, converted to the file
format called Attribute Relation File Format (ARFF) inside the
WEKA environment that is feasible for that environment.
Moreover, the proposed EHCA has been examined based on the
decisive factors described in the section 4.2. The results are system-
atically verified and tested for a Paired T-Test in Weka favouring
against various outcomes such as Percent Correct, F-Measure,
Weighted average F-Measure...etc. A few are discussed in this fol-
lowing section. And, the results are compared with the individual
base classifiers used in the process such as Naive Bayes, SVM and
J48, and the previous work of the author called Bound Model for
Clustering and Classification (BMCC).

However, in this work, the ensemble classifier technique is en-
forced for enhancing the predictive and the classification results
with the combination of heterogeneous classifiers. The combination
also includes the weighted accuracy rate and the classifier diversity.
Hence, the results outperform the results obtained from the tradi-
tional classifiers. The experimental results show that the proposed
Ensemble based classification model provides prospective results
with highest rate of accuracy and precision, and the adaptability
among the individual utilization of classification techniques used in
base and ensemble classifiers. The Precision Rate and accuracy are
computed on the basis of True Positive (TN), True Negative (TN),
False Positive (FP) and False Negative (FN) as per the equations (3)
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and (4), given in the section 4.2. Specificity, Sensitivity and the
ROC analysis are also carried out and the result is interpreted. The
following discussion on this help to explore more.

6. Discussions

The proposed work of Ensemble-based Hybrid Classification
Approach (EHCA) have been experimented and implemented in
WEKA. The Table 4, Table 5 and Table 6 depicts the extracted best
results obtained for the proposed techniques of Ensemble method
of classification such as bagging, boosting and stacking respec-
tively for the class Result status.

Table 4: Results Obtained for Ensemble-Bagging

Total Number of Instances =232 Valles inRer
centage

Correctly Classified Instances 225 96.98 %

Incorrectly Classified Instances 7 3.02%

TP FP Precision Recall IE/-Ieas- ROC Cla

Rate Rate Rate Rate " Area SS

0984 0083 0978 0984 0981 0979 Eas

0917 0.016 0.936 0.917 0.926 0.982 Fail

Weighted Avg.

0.97 0.069 0.97 0.97 0.97 0.98

Table 5: Results Obtained for Ensemble-Boosting

_ Values In Per-
Total Number of Instances =232 centage
Correctly Classified Instances 227 97.85%
Incorrectly Classified Instances 5 215%
TP FP Precision Recall Ilz/-leas- ROC Clas
Rate Rate Rate Rate W Area S
0.995 0.083 0.979 0.995 0.987 0.984 Pass
0.917 0.005 0.978 0.917 0.946 0.984 Fail
Weighted Avg.
0.978 0.067 0.978 0.978 0.978 0.984

Table 6: Results Obtained for Ensemble-Stacking

Total Number of Instances =232 Ve [ PE=
centage

Correctly Classified Instances 227 97.85%

Incorrectly Classified Instances 5 215%

TP FP Precision Recall IE/_Ieaur ROC Class

Rate Rate Rate Rate 2 Area

0.995 0.083 0.979 0.995 0.987 0.977 Pass

0.917 0.005 0.978 0.917 0.946 0.977 Fail

Weighted Avg.

0.978 0.067 0.978 0.978 0.978 0.977

Each of the tables handle different ensemble methods with an
equally competent result. ROC of ensemble-bagging, ensemble-
boosting and ensemble-stacking are analysed to produce an average
of 0.9803, a most considerable result of ROC. It is even generating
as pointed in (1) and (6) an average True Positive Rate (TPR) of
0.974 and False Positive Rate (FPR) of 0.068. From the observation,
for the method of bagging, the accuracy rate as in (4) is obtained as
96.98%. And, for boosting, it is enhanced as 97.85%. Finally, for
stacking, the results are as similar as boosting and calculated as
97.85%. As an average, the overall accuracy rate of the proposed
model EHCA is evaluated as 97.5%. It shows that the Ensemble
based Hybrid Classification Approach provides better précised re-
sults on classifying instances than others and helpful for efficient
student performance evaluation.

For the purpose of effective communication, it is to be considered
that, the false positive rate or the value of sensitivity would be
nearly 0. As per the results provided in the following figures the
sensitivity rate obtained for the proposed model very close to 0,
when compared to the remaining methods. Another supposition is
also to be taken for Precision Rate, which is to be closer with the
value 1.

The Fig. 6 illustrates the comparison for the classification models,
at Weka implementation, such as Naive Bayes, SVM, J48, BMCC,
Ensemble-Bagging, Ensemble-Boosting and Ensemble-Stacking,
which are incorporated in the proposed work. From the comparative
analysis, the Ensemble model with boosting provides higher rate of
classification than others.

Best Predicted Accuracy of Classifiers

98 scomp 78448
& 05,6807 961207
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&
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N & X A
» B & <
N & &
S & &
& <
Classification Models

Fig. 6: Comparison of Accuracy Rate between Classification Models.

However, the experimental environment has shown considerable
results, the later test conditions of the same might generate a rise or
a fall in the result. Hence, the experimental result is tested for rea-
sons of its performance using Paired T-Test as given in the Figure
7 and the result ascertains the notion and have shown a lifted result
of each models.

Fig. 7: Comparison of Percent Correct (Paired T-Test) Rate Between Base
Classifications.

Further, the results and its operating environment conditions are an-
alysed and a sample is illustrated in Figure 8.
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Fig. 8: Classification Results for J48 Classification In WEKA.

The base accuracy and the ensemble accuracy of each methods of
the listed models are studied and a propagated accuracy is found.
The SVM among the other have shown no major difference at the
initial observations. The average incremental change it has pro-
duced is around 1.3 to 5.6 percentage except SVM techniques as is
given in Table 7.

Table 7: Base and Ensemble Accuracy of Classifiers

Naive Bayes Accuracy (%)
Base Accuracy 86.2069
Ensemble-Bagging, 87.069
Ensemble-Boosting 91.8103
Average 88.36207
SVM (SMO) Accuracy (%)
Base Accuracy 93.1034
Ensemble-Bagging 92.6724
Ensemble-Boosting 93.1034
Average 92.95973

J48 Accuracy (%)
Base Accuracy 90.0862
Ensemble-Bagging 91.8103
Ensemble-Boosting 94.8276
Average 92.24137
BMCC Accuracy (%)
Base Accuracy 95.6897
Ensemble-Bagging 96.9828
Ensemble-Boosting 97.8448
Average 96.8391

Profound futuristic methods of voting, bootstrap aggregation and
stacking of ensemble learning have been utilised to create a setup
environment for Hybrid Implementation proposed in EHCA and
many of the result are as given as in table 8. The generated result is
categorised into low medium and high accuracies for the conven-
ience of analysis.

Table 8: Ensemble Based Hybrid Classification Accuracy Sample

EHCA Low Ac- Medium Ac-  High Ac- Best Avg.
Stages curacy curacy curacy Accuracy
2 S 927 96.9 93.80
Bagging,

EHICAS = o3 94.2 97.8 95.03
Boosting

EHCA-

Stacking 96.6 97 97.8 97.13

For providing the evidence of the efficiency of the proposed meth-
odology, the comparative evaluation has been carried out. From the

results, it is to be stated that, the ensemble method based on stacking
has taken more time for execution, since it needed to perform more
number of iterations. As it is mentioned, it provided 97.13 % of
accurate results. Among all, boosting and stacking method of en-
semble classification provide better results, as it is taken as rounded
97.8% maximum. The Figure 9, Figure 10, Figure 11 and Figure 12
portray the screen shots of the experimental implementation of base
classifications and the proposed model and the execution in the
Weka Knowledge Workflow tool. It helped to have a sovereign im-
plementation of the design of the proposed work and has standard-
ised to increase the easiness and the analysis of the results.

J48
90.0862%
9.9138%

/
2 e NolPafmarce
MipsiB G

Fig. 9: Environment Setup for Base Classification and BMCC in WEKA.
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Fig. 10: Environment Setup for EHCA Ensemble-Bagging Classification in
WEKA.
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Fig. 11: Environment Setup for EHCA Ensemble-Boosting Classification
in WEKA.
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Knowledge Workflow implementation has been used for the pro-
posed work and the result of variations of models used in this and
related models are depicted in Table 9

Table 9: Final Accuracy at Base Experiment
Method J48 BMCC
Accuracy (%) 90.08% 95.68%

EHCA
96.98%

The result of all models are observed and analysed for the basic
measures given in Section 4.2 for the evaluation of classifier per-
formance. Sensitivity as in (1), Specificity as in (2) and Accuracy
as given in (4) gain considerable interest in the same. The initial
experimental result of BMCC and EHCA are being analysed and a
graphical presentation is made in Figure 13.

Comparison of BMCC and EHCA
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Fig. 13: Base Comparison Percentages of BMCC and EHCA.

The model could able to manage to minimise the Cost-Benefit at
69.38 gain threshold with 97.8448% accuracy as given in Figure 14.
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Previous work of the author [6] produced a max. of 97.41% during
the experimental stage and a 95.08% average accuracy at the testing.
Experimental the result of this work has slightly improved to 96.83%
and the proposed model has come up with 97.50% avg. max of
EHCA in this research. The Table 10 investigating research abreast
that the proposed model conceit of its performance with others.

Table 10: Final Accuracy Comparison at Weka Implementation
Method J48 BMCC EHCA
Accuracy (%) 92.24% 96.83% 97.50%
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As mentioned in section 4.2, Recall or True Positive Rate (TPR)
and Specificity or True Negative Rate (TNR) of the BMCC and
EHCA are tabulated and compared to analyse how best are they
with one another according to their recall rate and specificity value
as given in Figure 15. The sensitivity 1.0 is rated best, whereas 0.0
is the worst case.

Comparison of BMCC and Implemented EHCA

0.994
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0.92
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0.88
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Sensitivity Specificity Accuracy
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Fig. 15: Comparison Percentages of BMCC and Implemented EHCA.

ROC analysis as per Section 4.2 is being analysed using tools and
the result of the same is given in Figure 16. Anything greater than
90% are often treated as good with proof of arguments. From the
plots it is evident that the curve is tending towards ‘1’ and hence
possess an advisable merit.

X: False Positive Rate (Num) || ¥ True positive Rate (Num)

Colour: Threshold (Num) || select Instance

Plot: 1.KTU-SNG - NominalData with Age and Plus2Perctge Fully Corrected copy-weka.filtters.unsupervised.atiribute.Remove-R1,4,7,10,13-weka.filters.uns.
o

T
0 0.5 1

Fig. 16: Sample ROC Area Curve of EHCA.

The values of ROC Area of the two competing models BMCC and
EHCA have been analysed for its class accuracy. Though it found
seemingly similar, EHCA came up with slightly better coverage.
The same is given in the Figure 17.

ROC Area Curve of Pass and Fail class with W.Average

Pass
e=@==BMCC

Class

Fail
w=@==FEHCA

W.Avg

Fig. 17: ROC Area Curve of Pass and Fail.
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Among the studies related to educational data mining by the author
in paper [5], use of J48 and related methods substantiated in [18] [9]
[12] have produced an accuracy of 86% and 92% where as a varied
implementation has produced 99.87%. The author in the paper [6]
have given a special mention about an unrealistic specific result
produced by a combined model of J48 using optimisation with 99.6%
accuracy. The work proposed in this study was produced highest
96.98 % (almost 97%) during the exploration and 97.5% avg. max
at the implementation and a highest of 97.8%.

Further, the implication is stated that it is better to select the vital
attributes vigilantly, which would be useful for the prediction of
students at-risk from the obtained dataset and utilize sources to en-
hance their performance.

7. Conclusion and future work

Academic Excellence is being a significant concern among the ac-
ademic institutions around the world. This paper has presented an
efficient classification mode Ensemble based Hybrid Classification
Approach (EHCA) based on Educational Data Mining with some
new attributes oriented instances, includes students’ academic, per-
sonal and behavioural feature. These kinds of features are correlated
to the learner activities in EDM. Mostly used methods for the per-
formance prediction and profiling are classification and statistical
grouping. Here in this research, the classification methodologies
like Naive Bayes, Support Vector Machine and J48 decision tree
algorithms are used as base classifiers. In addition, Ensemble based
methods are also incorporated for enhancing the accuracy of the
classification results. For that, the common ensemble methods such
as bagging, boosting and stacking methods are employed. The eval-
uated results show that proposed model produces high rate of accu-
racy that the rest. Hence, it can be stated that the ensemble based
hybrid classification (EHCA) provides better results than the inclu-
sion of single classification model.

It is expected that enhanced results may be followed in the future
works, and work can be carried out in a way that use maximum data
possible by combining some better reinforced data mining and sen-
timent measure of stakeholder interests with optimisation methods
may provide a little more relevant values for datasets, which may
help to enhance the performance and profiling accuracy.
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