INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 8, ISSUE 07, JULY 2019

ISSN 2277-8616

A Novel Hybrid Approach Of Adaboostm2
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Abstract: The prediction of performance of student is a very important task for institutions of higher learning. The academic performance of students
aids the teachers, instructors and management of institutions to identify low performing students and then more attention is given to them so as to
enhance their performances. In previous studies, various elements and methods have been applied to identify and enhance the performances of
students. In this work, we made use of data mining classifcation techniques to improve the prediction accuracy of student performance. In recent times,
classification accuracy has been enhanced thru the use of ensemble techniques and combining multiple classifiers. In this paper, we have made use of
an efficient AdaBoost ensemble technique called AdaBoostM2 and we combined it with a metaheuristic optimization algorithm known as Differential
Evolution (DE) to produce a novel algorithm called ―ADDE‖. This new algorithm is implemented on the KalBoard 360 educational dataset and the results
displays that is very efficient in reducing the weak learners and thereby increases the prediction accuracy. The new algorithm has therefore shown better
result in reducing the computation complexity.
Index Terms: AdaBoost, AdaBoostM2, Classification techniques, Data mining, Differential Evolution, prediction model, Student Performance
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1 INTRODUCTION
The student performance prediction is an important concern in
e-learning environs. The performance of student depends on
different factors, for example, individual, social, natural and
psychological factors. Data Mining techniques are capable
devices used to achieve these goals. These methods are
utilized to find hidden designs and relations on an extensive
measure of data that might be useful in making of decisions.
Classification is a standout amongst the most helpful data
mining methods used for prediction with e-learning, it maps
information into pre-defined clusters of classes, and it is
frequently called supervised learning. Predictive models plan
to predict the obscure estimations of factors of interest given
known estimations of different factors. The high accuracy of
performance prediction of students is highly advantageous for
detecting students that are performing low. It is necessitated
that the detected students can be helped more by the
instructor or tutor in order to enhance their performance [1] [9].
The main objective of this research is to build a model for
prediction thru analyzing the features that has effect on the
performance of students by the use of the Education dataset
gotten from Learning Management System (LMS) known as
‗Kalboard 360‘. The data was collected using a learner activity
tracker tool known as Experience API (XAPI). In past work [2],
feature selection methods were applied in order to choose the
most important features so as to minimize the dataset size,
after concluding the experiment, the outcomes demonstrate
that every one of the classifiers applied gives the best
performance with 3-7 features out of 16 [2]. The prediction
model ‗ADDE‘ is proposed and it is actualized by utilizing the
AdaBoost algorithm with differential evolution (DE), and it is
thereby discovered that our proposed algorithm decreases the
computation complexity is model whereas keeping up high
detection accuracy when compared to other models.
Therefore, this model will predict whether the student will
answer false or true for specific problems.

Correlation based Feature Selection (CFS) algorithm (Filter
feature selection algorithm) in pre-processing step. The
classification precision of the model displays over 90%. Be
that as it may, the investigation made use of only one dataset.
The analysis in [4] assessed six feature selection algorithms to
predict the academic outcome of some higher secondary
students. The after effect of the research concludes that Voted
Perceptron, and One Rule (OneR) demonstrates high
predictive performance with the element subsets increased via
feature selection algorithms. Moreover, Information Gain (IG)
and CFS demonstrates better ROC value and F-measure
values on the dataset of the higher secondary school. n
investigation to predict the academic outcome of student in
secondary school at Tuzla was discussed in [5]. The research
utilized Gain Ratio (GR) feature selection algorithm on the
dataset with 19 features. The outcome gotten by applying
Random Forest classification (RF) algorithm demonstrates the
best results as regarding the accuracy of prediction. Previous
research carried out by Amrieh utilizing Naive Bayes, Decision
Tree, and ANN algorithms [6]. The embedded method as the
feature selection technique using Bagging, Boosting, and
Random Forest. From all the results, ANN has the highest
accuracy is ANN utilizing Boosting feature selection. Accuracy
using behavioral features can increase as much as 22.1%,
while after using feature selection, the accuracy increases to
25.8%. [7] evaluated how well student accomplishments can
predict graduate-level performance. The information of 171
student records in the Bachelor and Master program in
Computer Science at ETH Zurich, Switzerland was utilized.
Employing linear regression models in blend with different
variable-selection techniques, their discoveries demonstrates
that undergraduate level performance can demonstrate as
much as 54% of the variance in graduate-level performance.
The year three (3) grade point average was distinguished as
the most important informative variable, whose impact
surpasses the one of grades earned in challenging year one
(1) [7].

2 LITERATURE REVIEW
The investigation in [3] proposed an enhanced decision tree to
identify the pointers of student dropouts. The research gathers
the dataset of 240 students through a study and applies
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3 THE PROPOSED PREDICTION MODEL ‘ADDE’
3.1 Boosting
Boosting boosts the performance of the weak classifier to a
strong level. It generates sequential learning classifiers using
resampling (reweighting) the data instances. Initially equal
uniform weights are assigned to all the instances. During each
learning phase a new hypothesis is learned and the instances
are reweighted such that correctly classified instance having
lower weight and system can concentrate on instances that
have not been correctly classified during this phase having
higher weights. It selects the wrongly classified instance, so
that they can be classified correctly during the next learning
step. This process continuous tills the last classifier
construction. Finally, the results of all the classifiers are
combined using majority voting to find the final prediction.
AdaBoost [8] is a more general version of the Boosting
algorithm.
3.1.1 Boosting Algorithm: AdaBoost
In this subdivision, we describe our boosting algorithm which
is known as AdaBoost. [8] proposed AdaBoost and defines two
versions of Adaboost and they labelled it AdaBoost.M1 and
AdaBoost.M2. These two versions are equivalent for binary
classification problems and are different just in their handling.
In previous study, [10] made use of the AdaBoost.M1 to
propose a prediction model. The main disadvantage of
AdaBoost.M1 is that it is unable to handle weak hypotheses
with error greater than 1/2. The expected error of a hypothesis
which randomly guesses the label is 1-1/2, where k is the
number of possible labels. Thus AdaBoost.M1 requirement for
k = 2 is that the prediction is just slightly better than random
guessing. However, when k > 2, the requirement of
AdaBoost.M1 is stronger than that, and this requirement will
be difficult to fulfil. However, the second version of AdaBoost
which is known as ―AdaBoost.M2‖ tries to overcome these
challenges by spreading out the communication between the
boosting algorithm and the weak learner. Firstly, the weak
learner is allowed to create more expressive hypotheses
k
whose output is a vector in [0,1] , rather than a single label in
Y. Intuitively, the yth component of this vector represents a
―degree of belief‖ that the correct label is y. The components
with values close to 1 or 0 correspond to those labels
considered to be plausible or implausible, respectively [8]. In
our research work, we therefore made use of ―AdaBoost.M2‖
for classification problems. Figure 1 shows the Adaboost
Algorithm for binary classification problems. Although the weak
learning algorithm has more expressive power, a more
complex requirement is positioned on the performance of the
weak hypotheses. Instead of making use of the normal
prediction error, it is required that the weak hypotheses
perform better with respect to a more refined error measure
which is known as the pseudo-loss. Not like ordinary error that
is computed with respect to a distribution over examples,
pseudo-loss is computed with respect to a distribution over the
set of all pairs of examples and incorrect labels. Through
manipulating this distribution, the boosting algorithm can focus
on the weak learner not only on hard-to-classify examples, but
more specifically, on the incorrect labels that are hardest to
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discriminate. We will see that the boosting algorithm
AdaBoost.M2, which is based on these ideas, achieves
boosting if each weak hypothesis has pseudo-loss slightly
better than random guessing

Fig. 1. The AdaBoostM2 Algorithm.

3.2 Overview of Differential Evolution
DE is an evolutionary algorithm introduced by [13] for global
optimization problems over continuous spaces [13]. It is easy
and requires only few control parameters. Because of these
reasons, DE has been preferred by researchers in many
fields. DE starts with the randomly generated initial values for
individuals (i.e., solution) in the search space, then, mutation
and crossover operators, and selection process are applied to
individuals to generate a new population. The steps of DE are
as follows:
Step 1. Initialization: Generally, the initial population is
generated by using the pre-determined minimum and
maximum bounds which are defined as in (1).
Xji = Xjmin + rand (0,1). (Xjmax - Xjmin)

(1)

Where j=1,2,…,D, Xjmax and Xjmin are the maximum and
minimum bounds of the j th parameter of the problem while
rand (0,1) is a random value between 0 and 1.
Step 2. Fitness evaluations of the individuals in the population:
In this step, fitness value is calculated for each individual in
the population.
Step 3. Mutation process: DE employs the mutation operation
to produce a mutant vector Vi with respect to j th individual in
the population, and Xi so-called source vector (i.e., individual),
in the current population. The most frequently used mutation
operator in the DE implementations is given in (2).
Vji = Xjr1 + F. (Xjr2 - Xjr3)

(2)

where F is the scaling/mutation factor having values in the
range of [0,2], Xr1, Xr2, Xr3 are source vectors which are
randomly chosen from the population, and r1, r2, r3 and i must
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be different from each other (r1 ≠ r2 ≠ r3 ≠ i).
Step 4. Recombination (crossover) process: After creating the
mutant vector, crossover operation is applied to the source
vector Xi and its corresponding mutant vector Vi to generate a
trial vector Ui. This process is performed by using (3).

(3)
where the crossover rate (CR) is a user-specified constant
within the range of [0,1], which controls the rate of parameter
values copied from the mutant vector. jrand is a randomly
chosen integer in the range of [1, D] where D is the number of
variables in the problem to be solved. Step 5. Fitness
evaluation and selection: The fitness function value of the trial
vector is compared with that of source vector. If the trial vector
has higher fitness function value than the source vector, the
trial vector replaces the source vector and it is included into
the population of the next generation. Otherwise, the source
vector remains unchanged in the population for the next
generation. Steps 3, 4, and 5 are repeated for each individual
until a predetermined termination criterion is met. The best
solution in the population is the (sub)optimum solution.

3.3 Overview of Proposed Model ‘ADDE’
AdaBoost algorithm, when compared likened to most other
learning algorithms, is less susceptible to difficulty of overfitting
than them and this is in light of the fact that boosting is very
sensitive to noisy data and outliers [12]. Therefore, the
difficulty of overfitting can be caused as a reason of mislabeled
cases. The new classifiers pay more attention on wrongly
classified cases, which as a result gives a huge amount of
classifiers that are weak in order to attain a better performance
[11]. In our research, a new boosting algorithm has been
developed which is known as ―ADDE‖. This new algorithm
optimizes the amount of weak classifiers and their respective
weights by utilizing a differential evolution (DE) algorithm, so
as to enhance the boosting performance. The DE is able to
regulate the way outliers are affected, thereby selecting a
suitable fitness function which confines that number of
classifiers that are weak and hence enhances the accuracy of
prediction. This new model has more benefits than other
boosting algorithms in that it decreases the complexity of the
model. The ADDE algorithm is shown in Figure 2

Fig. 2. The proposed procedure of ADDE.

4 RESULTS AND DISCUSSION
In this present study, the dataset lengthens into 500 students
with 16 features. Table 6 displays the attributes/features, data
description and data type of the dataset.
TABLE 1
PROPOSED ADDE CLASSIFIER WITH ADABOOSTM2 CLASSIFIER
USING NAÏVE BAYES (NB)

Case
No

nWeakL
earn
AdaBoo
stM2

nWeakLear
nADDE
(Proposed)

No of
Gener
ation

Popul
ation
size

1

20

16

10

10

2

53

43

20

10

3

85

69

30

15

4

118

96

40

20

5

150

122

50

35

Aver
age

71

69

AdaB
oost
Accur
acy
0.694
4
0.682
5
0.694
4
0.694
4
0.682
5
0.689
6

ADDE
Accur
acy
(Propo
sed)
0.7183
0.7183
0.7183
0.7183
0.7183
0.7183

The table 1 showed that the number of weak learners of the
proposed classifier trained by AdaBoostM2 reduced by about
3% owing to the utilization of the DE optimization whereas the
accuracy of the proposed algorithm increased by 4%.
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TABLE 2
PROPOSED ADDE CLASSIFIER WITH ADABOOSTM2 CLASSIFIER
USING DECISION TREE (DT)

TABLE 4
PROPOSED ADDE CLASSIFIER WITH ADABOOSTM2 CLASSIFIER
USING KNN

Table 2 illustrated that the number of weak learners of the
proposed classifier trained by AdaBoostM2 reduced by 78.9%
owing to the utilization of the DE optimization whereas the
accuracy of the proposed algorithm increased by 9.3%.

Table 4 described that the number of weak learners of the
proposed classifier trained by AdaBoostM2 reduced by about
62% owing to the utilization of the DE optimization whereas
the accuracy of the proposed algorithm increased by 19.3%.

Case
No

nWeakL
earn
AdaBoo
stM2

nWeakLear
nADDE
(Proposed)

No of
Gener
ation

Popul
ation
size

1

20

16

10

10

2

53

43

20

10

3

85

4

30

15

4

118

5

40

20

5

150

6

50

35

Aver
age

71

15

AdaB
oost
Accur
acy
0.631
0
0.722
2
0.726
2
0.726
2
0.726
2
0.706
4

ADDE
Accur
acy
(Propo
sed)

Case
No

nWeakL
earn
AdaBoo
stM2

nWeakLear
nADDE
(Proposed)

No of
Gener
ation

Popul
ation
size

0.8075

1

20

2

10

10

0.7659

2

53

3

20

10

0.7738

3

85

4

30

15

0.7738

4

118

5

40

20

0.7738

5

150

122

50

35

0.7790

Aver
age

71

27

TABLE 3
PROPOSED ADDE CLASSIFIER WITH ADABOOSTM2 CLASSIFIER
USING DISC
Table 3 displayed that the number of weak learners of the
proposed classifier trained by AdaBoostM2 reduced by about
90.1% owing to the utilization of the DE optimization whereas
the accuracy of the proposed algorithm increased by 4.5%.

Case
No

nWeakL
earn
AdaBoo
stM2

nWeakLear
nADDE
(Proposed)

No of
Gener
ation

Popul
ation
size

1

20

16

10

10

2

53

3

20

10

3

85

4

30

15

4

118

5

40

20

5

150

6

50

35

Aver
age

71

7

AdaB
oost
Accur
acy
0.674
6
0.674
6
0.674
6
0.674
6
0.674
6
0.674
6

ADDE
Accur
acy
(Propo
sed)

0.7063

Pandey, M., & Taruna,
S. (2014)
Amrieh, E. A. et. al.,
(2015)
Stapel,
M.
et.al.,
(2016)
Rahman, M. H., &
Islam, M. R. (2017)
Rahman, L. et. al.,
(2017)
Adejo, O. W., &
Connolly, T. (2018)
Alam, M. M. et. al.,
(2018)
Bendangnuksung &
Prabu P. (2018)
Proposed Model

0.7063
0.7063

0.8671
0.8611
0.8770
0.8413
0.8540
0.8601

TABLE 5
COMPARISON OF SOME CLASSIFICATION ALGORITHM
WITH OUR PROPOSED ALGORITHM

Authors

0.7063

0.694
4
0.694
4
0.694
4
0.694
4
0.694
4
0.694
4

ADDE
Accur
acy
(Propo
sed)

From the above analysis, the proposed ADDE classifier with
AdaBoostM2 using KNN gave the highest accuracy of 86.01%
in which the accuracy of the proposed algorithm increased by
19.3%. Furthermore, a comparison of proposed algorithm
prediction accuracy with other classification algorithms that all
made use of the Kalboard 360 educational dataset is shown in
Table 6. It is seen in Table 6, that our proposed algorithm
outshines others.

0.7063

0.7063

AdaB
oost
Accur
acy

Classification
Algorithms

Prediction
Accuracy

Random Forest

75.9%

ANN

73.8%

Hybrid of Decision
Tree with Adaboost
Hybrid of Ensemble
filtering with ANN

74.0%
84.3%

ANN

79.4%

Hybrid
Stacking
ensemble technique

81.7%

ANN

85.0%

DNN

84.3%

ADDE

86.01%
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TABLE 6
STUDENT FEATURES DESCRIPTION AND DATA TYPE
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works of classification algorithms that made use of same
datasets as ours, this is shown in Table 6. The outcome
showed that our proposed algorithm outshines other
algorithms.

FIG. 3. THE STRUCTURE OF THE MODEL ADDE

5 CONCLUSION
This research work has studied the challenges associated with
predicting the academic performance of students using a
Kalboard 360 educational dataset. The accurate prediction of
student performance can help tutors and instructors to identify
and concentrate more on students that are failing or likely to
fail, therefore providing assistance for them. Classification
techniques have been utilized in order to enhance the
outcome of student performance. Furthermore, a new boosting
algorithm with higher accuracy with so much efficiency has
been introduced which is known as ADDE. The AdaBoostM2
ensemble technique was used with DE and the outcome
illustrates that the use of DE with boosting technique produces
better and desired optimized solution by reducing the weak
learners and increasing the prediction accuracy. We made
comparisons of our proposed algorithm with some previous
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