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Abstract—Many research studies have investigated
ensemble learning. However, these research studies
proposed an approach for improving the ensemble learning.
We propose the efficiency method using probability weight
as a support to the classifier model called the probability-
weighted voting ensemble learning, which computes its own
probability computation for each model from the training
data. This research has tested the proposed model with 5
UCI data sets in various dimensions and generated four
models, the 3PW-Ensemble model, the 4PW-Ensemble
model, the 5PW-Ensemble model, and the 6PW-Ensemble
model. The experimental results of the study yield the
highest accuracy. Considering the comparison of efficiency,
the accuracy of the proposed model was higher than those of
the based classification models and the other ensemble
models.

Index Terms—<classification model, ensemble learning,
machine learning, model combination, probability weight,
weight voting

. INTRODUCTION

The classification model was one of the techniques
used for the retrieval of data known as data mining,
machine learning and big data. There were actually
several techniques for data mining, of which [1] was one
of those techniques used to classify the data by finding
the model set or the performance set to describe and
classify the model types. This paper aims to obtain the
model for predicting the data class, and the model was
generated by analyzing the training data [2]. Considering
the appropriateness of applying the classification model
to the data sets, the model that was obtained could be
used for determining the data types that had not been
categorized in the future, called the unseen data [3]. At
present, the classification model has been applied to
many Kkinds of research studies such as medicine,
marketing, and geoinformatics [4], [5]. When the data
were input to be examined and evaluated for the
efficiency through different techniques, the outcome of
this procedure was to obtain the classification model with
the best prediction and the highest accuracy. In addition,
the outcome of the procedure was to reduce the error
prediction of the model from analyzing and predicting the
data set. According to the above, the various kinds of
classification models were tested to evaluate the
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efficiency of the classification and prediction. Then, those
models were evaluated and compared to determine the
one with the highest accuracy.

By employing the different classification models to be
processed together, pros and cons or strong points were
found to be different for each model that was suitable for
the different inputs. The limitations of these approaches
affected the accuracy obtained from processing each
approach. Thus, these factors influenced the efficiency of
classification and prediction. The approach with
efficiency of classification and prediction for classifying
the data types was very important. As a result, the
researcher attempted to improve the efficiency of the
classification and prediction through the based
classification models to determine the results to achieve
the aim of enhancing the efficiency of classification and
prediction. The data could be either similar or different.
The training model, after it was obtained, was used to
predict the unknown data [6]. This data analysis was
called data prediction through the ensemble learning
technique, which is an advanced machine learning
technique that could improve the efficiency of prediction.
In other words, employing only one approach for
determining the best prediction could not possibly result
in efficient and stable classification and prediction.
Generally, the ensemble learning technique has been
employed worldwide, particularly for developing the
learning model for the machine learning with a focus on
enhancing the efficiency of the model performance. The
ensemble learning was the approach that combined
different independent models to enhance the efficiency of
the model for the classification [7]. As mentioned above,
this present study employed the based classification
model combined with the ensemble learning to enhance
the efficiency of prediction. In addition, the ensemble
learning was employed to enhance the efficiency of the
model in different study fields. For example, clinical and
medical diagnosis employed the ensemble learning to
enhance the efficiency of data analysis to generate a
supporting system for making decisions for diabetes
patients [8]. Moreover, the ensemble learning was
utilized to create a new strategy by the combination of
various classification models to classify the tumor in the
breasts through a mammogram. For text mining, the
ensemble learning with the model combination through
the ensemble was applied to the classification of the text
sentiment. The researcher employed the well-known
classification approach for testing in the research studies.
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The based classification model should be divergent for
increasingly predicting the different data with an
approach consisting of a decision tree, NaWe Bayes, K-
nearest neighbors, support vector machine, Bayesian
network, and multilayer perceptron.

For this study, the ensemble learning employed to
combine the models consisted of vote ensemble, bagging,
and random forests. Vote ensemble was selected to
combine the models. This approach combined the
outcomes from the prediction and then selected the most
closely corresponding results to determine which result
was the most suitable. This approach is called voting [9].
According to the concept of combining the ensemble
learning with weight voting in this study, the weight was
employed for the vote ensemble to enhance the efficiency
of the classification model. Additionally, the weight was
raised to improve the prediction of the ensemble model
with a focus on adjusting the error prediction result to
agree with the actual class. There were many approaches
for the ensemble learning to combine the models. For this
study, the weight was employed for every class obtained
from all models. The weight was selected because the
vote ensemble usually had problems when combining the
model with the even number. For such a combination,
some of the samples could not select the class with the
most corresponding answers. Considering the factor of
selecting the answer, the model combination through the
weight was considered the approach that could select the
resulting class with the highest weight as the outcome
from the prediction. Many research studies have
employed the vote ensemble. For example, the weighted
voting ensemble was applied for classifying the text
sentiment. Another example was about recognition,
which was the combination of the classification model
through vote based on the ensemble classifier for
recognition [10].

We have structured the paper as follows: In Section 11,
we describe the related methods. The proposed
framework used is discussed in Section 111, including data
preprocessing, performance evaluation, and a description
of the proposed model. The experimental results are
explained in Section IV. Finally, our conclusions are
presented in Section V.

Il. LITERATURE REVIEWS

A. Based Classification Model

The main objectives of classification were to analyze
the input data and to develop an accurate pattern for each
feature existing in the data. The well-known-based
classification is the information classification. There are
several kinds of study fields such as the study of
geographic information that apply this information for
classifying the data. This approach is used for predicting
types of the stones by implementing the data mining and
applies the based classification to physical geography.
Additionally, accurate identification of the stone type of
the carbonate stone in the reservoir could be implemented
as the basic procedure for enhancing the performance of
constructing the model from industrial features. The
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performance was analyzed through the based
classification with six different algorithms consisting of
k-NN, Nawe Bayes, C4.5, random forests, SMO, and
multilayer perceptron. According to the experiment, the
process of combination before the processing was carried
out with the based classification and could result in the
accuracy of prediction at the 97.4% level. In addition to
the study of the geographic information, the research
study of agricultural information is also conducted. The
decision tree techniques and dataset were applied to a
swine farm as a case study [11]. In the swine farm, the
based classification could be used for improving the
different detections and weak points for farming
management. The decision tree technique was calculated
by utilizing the C4.5 algorithms. The intention of this
study was to determine the performance of the C4.5
algorithms for classifying the information on swine herds
and to identify the weak points of the farm management.
The results of the experiment revealed that the decision
tree algorithm could detect the relationships and dataset
patterns of swine breeding in the village. Moreover, the
decision tree algorithm with the decision rule could give
the reason for selecting the swine breeders.

The based classification was also implemented with
the dataset relevant to other classifications, such as
classifying a parking lot with the effective dataset. The
locating detection system for an outdoor parking lot drew
much interest, since the parking lot was widely utilized.
The support vector machine was utilized to detect the
location of the parking lot. Generally, constructing the
classifiers that were not trained could detect the location
of vacant parking lots. The best result from the texture-
based classifier was approximately 89%. In another study
about commutation, the texture-based classifier detected a
traffic accident involving injured people through the
decision tree model. Since the trend of traffic is still
increasing, this study attempted to encourage more safety
on the road. To decrease the number of accidents exactly,
it was necessary to recognize the causes of the accident.
Thus, the data for traffic accidents were collected and
analyzed to avoid accidents in the future. This study
aimed to identify the rules resulting from the decision tree
algorithm for preventing the traffic accidents for the
injured people who had the traffic accident records,
causes of the accident, and types of accidents. The result
of the study led to the conclusion that the CART
algorithm of the decision tree was considered a useful
tool for identifying the scene of the accident.

Moreover, the based classification was applied to
specify the information and used in the financial
transactions of banks or other financial organizations. For
example, a genetic algorithm was implemented to
enhance the performance of decision in the credit of the
banks to avoid the complexity and excessive time in the
statistical and mathematic programming. Intelligent
techniques were popular for the financial research,
particularly for enhancing the performance of decision of
the bank. However, the proper decisions for loaning in
the credit selection of a bank would possibly increase the
interest during a crisis. This study proposed an intelligent
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model based on a genetic algorithm to cope with the
decisions for loaning during credit selection in a bank.
Similarly, the based classification was applied in medical
diagnosis for the clinical analysis of the input data.
According to a case study, the based classification
explored the medical diagnosis concerning the analysis of
kidney transplantation through the decision tree technique
and random forests for predicting the result of kidney
transplantation with incompatible antibodies and high
risk. The decision tree model and random forests
identified the risk factors regarding the acute rejection. In
addition, the decision tree model prescribed hazardous
identification levels for a specific antibody. This case
study marked the potential of discovering new features in
the dataset.

In addition to the medical study of diagnosis and
treatment, an electronic device was applied to the
physical system of the human body, such as the study of
an electronic nose (e-nose). Since the ability to identify
the odor of human beings was unstable and limited
regarding the external influences, this study compared the
semi-supervised to supervised algorithms in classifying
the e-nose dataset: a case study of tomato juice [12]. The
supervised algorithm was the based classification for the
data. To examine the e-nose, the based classification
needed labeled data that were suitable for training. In this
study, the semi-supervised algorithm relied on the
Cluster-then-Label with labeled and unlabeled data
simultaneously to construct the better classifier with less
training data and to start coping with the e-nose data in
the first place. The result of the study revealed that the
spectral clustering technique based on the semi-
supervised algorithm had better performance than the
supervised algorithm in all aspects. Additionally, the
semi-supervised algorithm could construct a reliable
classifier with only a few labels.

B. Ensemble Classification Model

In addition to the based classification model, another
classification model that is extensively implemented for
developing the learning model in the machine learning is
called the ensemble learning technique. This technique
combines different types of classification to gain the
performance of the better prediction [13]. It is applied to
various Kkinds of research studies, particularly the rapid
growth of an online social network, such as Facebook or
Twitter. Those sentiments have great influence on users
[14].

Opinion mining, also known as sentiment analysis, is
extensively implemented. There is the research study
proposing the new sentiment analysis on the basis of the
Text-based Hidden Markov Models (TextHMMs) for
classifying sentiments that substitute word consequences
in training texts for the sentiment lexicon set beforehand.
This sentiment learning model expresses the feelings via
the TextHMMs ensemble: it combines TextHMMs
together to examine the collocation of words by
classifying the feelings of the text input. Additionally, it
combines the classifiers with the ensemble-TextHMM by
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using the bootstrapping technique to gain the final
classifier [15].

Ensemble learning is not only applied to the social
media but also extensively implemented in the medical
affairs in both analysis and diagnosis, for instance,
analyzing the data to develop the Clinical Decision
Support System (CDSS) for diabetes patients [16]. In this
study, ensemble learning developed the CDSS for
predicting diabetic retinopathy, revealing that the
combination between data preparation and procedures of
constructing many models helped improve the
performance of the CDSS regarding the data before
processing. This algorithm combined the prediction of
individual models by calculating the weighted confidence
margin of every model. Moreover, there was another
interesting study on diagnosis concerning the recurrence
of ovarian cancer [17]. The purpose of this study was to
investigate the risk factors for the recurrence of the
ovarian cancer. For the methodology, the ensemble
classification and data mining were combined to
prioritize the risk factors and recurrence of ovarian cancer.
According to the results of the study, this algorithm
prevailed in predicting recurrence of ovarian cancer. In
addition to the study of the diagnosis, the mass
classification for detecting cancers or tumors was
explored [18]. The new architecture was designed to
construct ensemble classifiers. This study aimed to
examine an easily classified sample with uncomplicated
classifiers and data with little flexibility but fewer
features to encourage a diversity of strategies such as
majority votes, weighted voting, and learning models that
could be combinable.

Aside from medical implementation, ensemble
learning is also applied to pattern recognition. Ensemble
learning is the algorithm that is applied to the Natural
Language Processing (NLP) by scoring. The attempt is to
explore the most appropriate method of scoring the
ensemble learning to enhance the performance of
recognition, which is an important procedure of NLP.
Voting for searching the class is conducted by binary vote
or real vote. The results of every language showed that
the ensemble classifier with the real voting technique
achieved the goal of enhancing the performance. The
ensemble classifier was found to be better than the
individual classifier. Many research studies have applied
ensemble learning to combine the models or techniques
of each topic, including credit scoring and other topics
concerning banking and financial transactions [19].
Ensemble learning for determining credit was studied as a
case study. Classification through ensemble learning for
the credit provided better performance compared to an
individual classifier. For example, a study on data mining
combined the method of feature selection and ensemble
learning for credit scoring [20]. The vital issue relied on
the application of combination and occurrence at the
same time as the various feature selections and of the
ensemble learning classification regarding the parameter
value to increase the performance. The proposed mixed
model could be applied to credit scoring for clients to
determine good clients. To solve the problem of
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extending credit, an extensive guideline for applying all
algorithms at the same time was employed for both
classification and feature selection.

I1l.  RESEARCH METHODOLOGY

A. Based Classification Model

This part presents studies related to improving the
efficiency of the classification models in terms of the
based classification model and the ensemble
classification model. In addition, this part describes the
approaches to evaluate the efficiency of the model
together with giving examples related to the classification
model as follows.

1) Na'we Bayesian learning

The classification model relies on the principle of
probability on the basis of Bayes' Theorem and
hypotheses that encouraged the independent events.
According to the definition, the classification model
could generate the classifiers of the Na'we Bayes model
as below, where each instance X had N attributes or X =
{Al,...An} and Ci as the class label in the equation below.

Naive bayesian classifier = Max(P(Ci)H P(AIC) (D)

From the above equation, the answer was the class, any
of V; results that were selected as the class with the
Maximum Probability (MAP class) after being computed.
Then, it became the answer to the sample of the required
prediction. [21]

2) Bayesian belief networks

Bayesian Belief Networks or so-called Bayes nets were
the model of the probability graph. Bayes net intended to
reduce the limitation of Nawe Bayes in the hypothesis
about the independence between the attributes. This
approach described the conditional independence
between the variables. The conditional independence
referred to the probability of X not subject to Y when Z
was P (XY, 2) =P (X]2).

Each variable of the Bayes net had the proper
probability that could be the probability of the initiated
node or the probability that was obtained from the
relationships of many nodes, which was called joint
probability, as in the equation below. [22]

Join probability = P(xl,...,xn)=ll[P(xi\Parents(xi)) (2)

3) Decision tree

The decision tree involves learning through classifying
the data into categories by means of the attributes of the
data. This approach was not very complicated. Its
structure was likely a tree with branches regarding the
conditions or the predicted data. The decision tree needed
the conditions for making a decision. To create the
decision tree model, the attribute with the closest
relationship to the class was selected as the uppermost
node of the tree (root node). Then, another attribute was
continuously  determined. For  determining  the
relationships among the attributes, the information gain
was employed. Select the attribute with the highest
information gain that could be calculated from the
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following equation [23] when S contains S;-tuples of class
Cifori={l1,...,m}

Information measures the information required to
classify any arbitrary tuple.

I(s1,$2,...,5m) :—iilog .l 3)
i1 S S
Entropy of attribute A with values {a;, a, ..., a,}
E(A) = Zwl (Stjy...ySm) ()
j=1

Information gained by branching on attribute A:
Gain(A) = I(s1,52,...,5m) — E(A) (5)

4) Multilayer perceptron

Multilayer perceptron was one of the artificial neural
networks, which was the predicted network typically
applied to the task that needed the prediction. It could
help specify significance. The multilayer perceptron
consisted of multilayer neural networks. Each layer
comprised a node, the weight of the node vector (w
metric), a bias vector (b) and am output vector (a) when
m was the number of the layer rank. Each layer was
accepted and calculated the aggregation of inputs and the
weight of each node. Then, it transferred those values to
another node in the next layer as in the equation below.
[24]

am+1 — fm+1(Wm+1am +bm+1) (6)

5) Support vector machine

The Support Vector Machine, an approach that could
help solve the problem of classification, was employed to
classify and analyze the data on the basis of the equation
coefficient to create the linear model focusing on the best
model. The algorithm used for categorizing the data is
shown below. [25]

y :sign{zn:quﬁj (x)+b} @)

where ¢ is the function for changing the nonlinear data
to the linear equation that could be classified, and b is
bias or threshold.

6) k-Nearest neighbors

k-nearest neighbors was the approach used for
classifying the class to determine which class could
replace the condition or new cases by determining
numbers of cases or conditions (k) that were the same or
most nearly the same. The k-NN approach compared the
interesting data with other data to see to what extent they
were similar. The processing created an answer as if it
were the answer for the nearest data. The formula below
was used for calculating to determine the nearest distance
from (xg, y1) to (X2, ¥2) when d was the distance as follows.
[26]

d =06 %) +(y, — ,)° ()

To encourage higher accuracy of the calculation,
weighting was employed for each node. k-Neighbors
were arranged in the ascending order: dy,...,dx was the
distance arranged in the ascending order, when d; was the
least distance for the weight of each node, calculated per
the equation below.
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B. Ensemble Classification Model

The ensemble method was widely implemented to
develop the learning model in the machine learning. This
model combined the based classification models to help
find the answer, aiming to enhance the effectiveness of
classification and outcome properly. Recently, the
ensemble classification model recovered findings on
combining the different classification models to achieve
better performance. The ensemble learning was the model
concerning the decision with the strategy of combining
the prediction of classifiers to create the new instances
[27]. The ensemble method was a new trend of machine
learning, which was the method of examining the number
of specific classifiers and selecting some of classifiers for
constructing the ensemble model. As a result, combining
the individual classifiers and predictions achieved better
performance than a single individual classifier [28].

Mostly, the research study of classifiers in the
ensemble model concerned constructing the ensemble
model through the single learning algorithm. For instance,
this study implemented the based classification consisting
of decision tree, k-nearest neighbors, support vector
machines, multilayer perceptron, nawe bayes, and
bayesian network from combining base classifiers to
construct the ensemble model, called the homogeneous
ensemble if the ensemble was constructed by the set of
classifiers trained by the same algorithm, whereas it was
called the heterogeneous ensemble if the ensemble was
constructed by the different algorithms. For this study, it
constructed the set of the heterogeneous ensembles. The
sets of classifiers with single prediction were commonly
combined by majority voting or weighted voting [29].
The key concept behind the ensemble model was valuing
the weight of the individual classifier with various
methods and combining those classifiers to obtain all
classifiers with the better performance.

The important principles of ensemble learning for
analysis could be categorized into 6 techniques described
as the following.

1) AdaBoost

Adaptive boosting (AdaBoost) was considered a
machine learning model that was utilized by combining
with other algorithms to improve the better algorithm.
AdaBoost was combined with the weak classifier to
construct the algorithm as the strong classifier. AdaBoost
was an ensemble algorithm that was well-known for
improving the simple boosting classification through the
iterative process. The principle of boosting (also known
as adaptive resampling and combining) was a common
method for developing the performance of the weak
classifier. For this method, the weak classifier was run
repeatedly on the training data with various data
distributions. The classifiers constructed by weak
classifiers were combined to compose a strong classifier
to achieve higher accuracy than a weak classifier. The
principle behind the adaptive boosting algorithm relied on
the significance of more complicated models. The
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classification drew the interest in the amount of the
weight set in every model of the training set [30], [31].
The AdaBoost algorithm developed the weight of each
case by training the set of the same and different weak
classifiers by decreasing the distribution and combination
of weak classifiers. Last, the AdaBoost algorithm was
carried out through weighted majority voting for
constructing the final decision.

2) Bagging

Bagging was the short form of the bootstrap
aggregating, which was one of the prior methods of the
ensemble learning algorithm. Additionally, bagging was
one of the easiest and simplest methods for application
[32]. Bagging was a well-known technique for the
machine learning to reduce the variance without any
prediction biases. Bagging was the method of
constructing and utilizing multiple predictors to obtain
the combined predictors. The variety of the bagging
method was derived from the bootstrap model of the
training data. The subset of the different training data was
randomized and drawn out by substituting from all
training data. Additionally, each subset of the training
data was utilized for training the different base learners of
the same dataset. Individual classifiers were combined by
majority voting when the individual classifiers obtained
the output from the testing instance. The different outputs
derived from the trained classifiers and the majority
voting were determined as the final decision [33], [34].

3) Stacking

Stacking was also a well-known ensemble technique to
achieve the outcome with the highest accuracy. The
structure of stacking was the two-level structure
consisting of level-0 (base-level) classifiers and level-1
(meta-level) classifiers. The base-level classifiers were
trained by the training dataset and then constructed the
prediction. Later, a metaclassifier was trained by
metadata to identify the output of the base-level classifier
as the class label. Generally, stacking was utilized for
combining the developed model with the different
classifiers. Those classifiers were combined in different
predictions to become the final resolution.

4) Voting

Voting was the simplest method of combing a single
classifier algorithm. Selecting a classifier combination
was accomplished by analyzing the design of the
ensemble classifiers. Voting was the method used to
make decisions by selecting only one of several
alternatives. VVoting depended on the class predicted with
the majority voting. Moreover, voting was the most
utilized in the ensemble methods. Generally, the voting
method consisted of unweighted voting and weighted
voting. Unweighted voting consisted of simple voting and
majority voting, whereas weighted voting included
simple weighted voting [35]. The basic principle of the
simple voting and the weighted voting placed the interest
on coping with the base classifier with labeled outputs.
The examples of voting were the following:

Simple voting was called majority voting and was
most extensively applied to the ensemble learning model.
Weighted voting was simple voting that was considered
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the appropriate method for all classifiers with equal
performance. However, the base classifier was practically
carried out with different weights for defining the weight.
Thus, weight voting was designed to define the weight
for constructing a strong classifier [36].

5) Random forests

Random forests was the classification model of
supervised learning based on the model combination,
which was similar to the bagging method [37]. Random
forests was similar to the bagging method, but the
random forests encouraged the diversity of the model by

randomizing the attributes instead of only the sample data.

The procedures of random forests combined decision tree
prediction with effective aggregation and bootstrap to
help examine the regression and two-class and multiclass
classification problems. The improved accuracy of the
random forests classification resulted from predicting the
ensemble method of the tree. After numerous trees were
constructed, they were voted on to determine the most
popular class. These procedures were called random
forests [38], [39].

6) Random subspace

Random subspace was a popular sampling method to
enhance the effectiveness of weak classifiers and to
improve the accuracy from classifying the individual
classifier. Random subspace was the ensemble method
where vectors of traditional features with high
dimensions were randomized to construct the subspace
with the low dimension. Later, multiple classifiers were
combined in random subspace for the final decision [40].
For random subspace, the training dataset was improved
similarly to the bagging method. This improvement was
carried out rather in the feature space than in the instance

Preparation datasets

space. This method benefited from applying random
subspace. When constructing the base classifier, the
dataset had several complicated or irrelevant features [41].
The results revealed that base classifiers in the random
subspace were better than in the traditional feature space.

IVV.  PROPOSED FRAMEWORK

For testing the dataset to determine the accuracy of the
data, there were several widely used approaches to
evaluate the efficiency of the dataset. One of those
approaches was the classification model, which consisted
of several models that could test the dataset. Each model
was suitable for a test with different datasets. After
evaluating the dataset to determine efficiency through
classification models, the obtained accuracy was
compared to determine the best classification model. This
evaluation approach provided the best individual model.
Because each model had different efficiencies of
evaluation and might have depended on the input
management, the models with different classification
models were combined to obtain the best classification
model. Therefore, ensemble learning was employed to
combine the classification models. Likewise, the based
classification models were employed to combine the
classification models in this study to obtain a
classification model that could offer high accuracy and
apply to any dataset of the classification data type and
any approach to collecting the data.

The classification data type started with data
preparation. This procedure prepared the data before
evaluating efficiency through different classification
models.

UCI datasets

Training data

Testing data

Based Classification Models Ensemble Models

Probability Weighted-Voting Ensemble Models

‘ Decision Tree ‘ ‘ K-nn ‘ ‘ AdaBoost ‘ ‘ Bagging ‘ ‘ 3PW-Ensemble ‘
‘ 4PW-Ensemble ‘
‘ SVM ‘ ‘ MLP ‘ ‘ Stacking ‘ ‘ Vote ‘
‘ 5PW-Ensemble ‘
‘ Bayesian ‘ ‘ Naive Bayes ‘ ‘ Random Forest Random Sunspace ‘ 6PW-Ensemble ‘

Model Evaluation

Figure 1. Categories of classification model for testing
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The data used for testing were derived from the UCI
dataset (Center for Machine Learning and Intelligent
Systems), which is a well-known central database for
testing the data in the different fields of research studies.
In this study, the testing data were divided into two
categories: training data for generating the model and
testing data for testing the efficiency of the model. The
classification model, which is a widely used model for
testing, was employed in this study. To test the efficiency
of the based classification model and the ensemble
classification model as the original ensemble models,
these approaches were evaluated together with other
developed models, which was called the probability

Preparation Datasets

weighted voting ensemble learning. The based
classification model was considered the initiated
classifier for model improvement. This approach
consisted of six main classifications, namely, the decision
tree, k-nearest neighbors, support vector machines,
multilayer perceptron, nawe Bayes, and Bayesian
network. The ensemble classification model also
consisted of six techniques, namely, AdaBoost, Bagging,
Random Forest, Random Subspace, Stacking, and Vote
(as shown in Fig. 1).

Then, the accuracy was evaluated to compare and
select the best approach. Fig. 2 shows the overview of
probability weighted voting ensemble learning.

UCI datasets

Training data

Testing data

Based Classification Models

Classifier 1 Classifier 2

Classifier N

v '

A J

‘ Predicted result

Predicted result

Predicted result ‘

\\ //

Select N Based Classifiers

Probability Weighted-Voting Ensemble Models

Probability Weighted-

Classifier 1 Classifier 2

Probability Weighted-

Probability Weighted-
Classifier 3

——

Probability Weighted-Voting
Summarization

A J

Classify and Predict Class
for test datasets

Figure 2. Overview of probability-weighted voting ensemble learning

A. Overview of Probability-Weighted Voting Ensemble
Learning

Fig. 2 shows an overview of probability-weighted
voting ensemble learning, and Algorithm 1 provides a
flow chart of the probability-weighted voting ensemble
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learning. The training dataset was T, with training
samples T, = {(p1, q1), (P2, d2), ---, (Pn, An)}, While training
sample T, was the instance in the training data. Ta
comprised classes of each sample (p, g,) when n was the
number of all samples. The probability-weighted voting
ensemble learning first generated the classifier of the base
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classification. The classifier m = {m;, m,, ..
was the number of all classifier base.

After generating the classifier, the process of selecting
the model for combination was carried out. This process
used Algorithm 2. The flow chart of this algorithm was
applied to the base classification, which was the stage of
selecting the classifier for ranking the accuracy in
descending order. Moreover, this process was utilized to
generate a probability weight obtained from calculating
the summation of the initial weights of each classifier and
to generate a new ensemble model.

Algorithm 1. Probability weighted voting ensemble
learning approach

., Mg}, and g

Required

Input: training dataset T, and testing dataset T,
Procedure

1: Base classification generation;

2: Generate classifier {my, my, ..., mg};

3: Call Select model for combine process in
Algorithm 2;

4. New ensemble generation;

5: Generate probability weight set L = (I, I,, ..., I.);

6: Generate new ensemble model {ey, e,, ..., &g};

7 Call probability weighted wvoting summation
ensemble process in Algorithm 3;

8: Probability weight-voting for ensemble result in
all samples;

9: Class ensemble results for the samples in Ty,

Output: Probability Weight-Voting Ensemble
Learning

The process of the probability-weighted voting
ensemble is presented in Algorithm 3. Algorithm 3 was
applied to the new ensemble classification for generating
the probability weight obtained from the weight
summation and every class in set C = (¢4, Cy,..., C) Of the
testing sample set Y = (y4, Yo,..., Yn) derived from the base
classification m = {m;, m,, ..., mg} to obtain the
probability-weighted voting and to become the class
ensemble results of samples in T, and probability-
weighted voting C = {(wymy, wim,), (W.mg, Womy), ...,
(wrmg, wymg)} for the ensemble result.

Finally, the probability-weighted voting obtained from
the weight of each classifier in the testing dataset was
derived from combining the classifiers. The base
classification and the ensemble results were derived from
the probability weight that was calculated from the initial
weight of the base model through ensemble learning.

B. Selecting N-based Classifiers

Algorithm 2 shows an overview of selecting N-based
classifiers. The input of this process was from the base
model classification, whereas the obtained output was the
new ensemble classification model. This process, which
was the first process before generating the probability
weight ensemble learning, started with inputting the
dataset by dividing it into two sets consisting of the
training sample set X = (X1, Xo, ..., X;) and the testing
sample set Y = (y1, Y2, ..., ¥n), Where n is the number of
all samples in the dataset. Each sample comprised the
class set C = (cy, Cy, ..., C;), where r is the number of all
classes in the dataset. At this stage, the base model was
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generated, and the predicted result p = (py, p2, ...pn) Was
obtained for determining the accuracy, as shown below.

% Accuracy =100 —%Error

%Error = relativeerror *100 (10)

. X . —
relativeerror = Knea — %

where x_. is the predicted value of base model, and x, is

the actual value.

After generating the base model and obtaining the
accuracy of the classifier, the accuracies of the base
model were ranked in the descending order, respectively,
to combine the base model to become the new ensemble
model.

Algorithm 2. Selecting N-based classifiers
Required
Input: training sample set X = (X1, X, ..., Xn);
testing sample set Y = (Y, Y2, ..., Yn);
the class set C = (¢4, Co,..., C);
the accuracies;

Procedure
1 Base model generation;
2: Generate predict result (p1, P2, ..., Pn);
3: Calculate the accuracy with accuracies
in Eq. (10);
4. Sorted in sequential order based on the accuracy

values from max to min;
Output: New ensemble model
Finally, the process of selecting N-based classifiers
would select the approach of combining classifiers by
means of selecting the classifier with the highest accuracy
of all classifiers of the ensemble learning.
Algorithm 3. Probability weighted voting average of
ensemble learning process
Required

Input: testing sample set Y = (y4, Vo, ..., ¥n);

the class seta = (ay, ay, ..., &);

the probability weight set L = (I, 1o, ..., 1))

the base classification set m = (my, my, ..., mg)

the probability weighted voting C = {(wym;, wimy),
(Womy, womy), ..., (Wymg, Wemg)};
Procedure
Initial weights (w) for all the samples;
2: Calculate the probability weighted voting

ensemble

with probability weight in Eq. (11);

=

3: Consider each sample (Y);

4: The weight average for each samples (Y);

5: Generate probability weight-voting (wimy,
WilMy, ..., WaMy);

6: Generate new class (W;Cq, WoCo, ..., W,C;)

Output: The classes of samples in Ty

C. Selecting N-based Classifiers

Algorithm 3 shows an overview of the probability-
weighted voting average ensemble. This process occurred
in generating the new probability weight-voting {em,,
em,, ..., emg}. The input of this process was the testing
sample set Y = (y1, V2, ..., Yn) in the new ensemble
classification model, whereas the output included the
classes of the samples in Tb when Tb was the testing
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dataset. This process started with calculating the
probability weight (I), which was the weight obtained
from the base model.

Every testing sample in the testing dataset Th was
processed to calculate the probability-weight voting
according to C = {(wimy, wimy), (Womy, Womy), ..., (Wymg,
wymg)}, where C is the weight value derived from
combining the models through the ensemble learning of
the weight in each class, and g is all models combined in
the ensemble learning. The probability-weighted voting
could be calculated per the equation below.

class
C = weight max z% (12)
n=1

C was the class ensemble result obtained from calculating
the probability weight that was derived from combining
the base model by means of weight summation. Then, the
weight summation was divided by M = {my, m,, ..., mg}.
The total weight summation was then calculated to
determine the average of weights obtained from all
models when M was the base classification that was
combined at the stage of the ensemble learning and g was
the number of models. The weight was calculated
incessantly until the number of N = Y, where N is the
probability weight in the testing dataset, and Y is the
number of the testing sample. At this point, probability-
weighted voting = (wimy, wim,, ..., Wymg) Was generated
by means of selecting the probability weight with the
highest weight, which then became the weight of the
class ensemble result when the new class = (w;Cy,
W,C, ..., W,C,) from each sample in dataset Th.

Finally, the probability weighted voting summation of
the ensemble process would calculate the probability
weight-voting incessantly until the number of the
probability weight in the testing sample was equal to the
number of the testing sample set Y. Then, the class
ensemble result was calculated to determine the accuracy,
which was considered the final result of each sample set.

V. EXPERIMENTAL RESULT

A. Model Evaluation

There were 5 datasets used as the inputs being tested.
These datasets were derived from the UCI dataset, as
shown in Table I. The class labels could be binary class
and multiclass. Evaluating the efficiency of the based
classification model consisted of 6 approaches including
the decision tree, k-nearest neighbors, support vector
machines, multilayer perceptron, Nawve Bayes, and
Bayesian network. Evaluating the efficiency of the
original ensemble classification model used 6 approaches
including AdaBoost, Bagging, Random Forest, Random
Subspace, Stacking, and Vote. In addition to evaluating
efficiency through the original ensemble classification
model, the new approach to improve the efficiency of the
classification model through the ensemble learning was
also employed. This approach utilized the weight derived
from each based model to combine the models together,
which was called the probability-weighted voting
ensemble learning. The efficiency testing was divided
into 4 approaches comprising the 3PW-Ensemble model,
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the 4PW-Ensemble model, the 5PW-Ensemble model,
and the 6PW-Ensemble model. The efficiencies of the 3
models were tested to compare the accuracies obtained
from each model. Then, the accuracies were compared to
determine the best approach for each evaluation approach.
Then, the best approaches of three models, which
consisted of the based classification model, the original
ensemble model, and probability-weighted voting
ensemble learning, were compared to determine which
model offered the highest accuracy and reduced the error
of the predicted results. It also determined the model with
the highest accuracy.

After testing each model, the efficiency of the
classification model was evaluated. At first, the
evaluation dealt with evaluating efficiency by processing
the based classification model. The testing dataset was
input to obtain accuracy as a percentage. Then, the
accuracy of each model was compared to determine the
best model for those datasets. Another process involved
evaluating through the original ensemble model, which
provided 6 testing approaches. As considered in Table I,
Random Forests offered the highest accuracy of 74.99%,
whereas Stacking and Vote both had the lowest
accuracies of 53.65%.

Our proposed model was developed from the based
classification model by means of ensemble learning with
a weight ensemble. This developed approach was
embedded in the new ensemble classification called
probability-weighted voting ensemble learning.

This approach was created to compare the efficiency of
four models consisting of the 3PW-Ensemble model, the
4PW-Ensemble model, the 5SPW-Ensemble model, and
the 6PW-Ensemble model. According to Table IlI, the
3PW-Ensemble model offered the highest accuracy of
prediction at 85.36%, whereas the 6PW-Ensemble had
the lowest accuracy of prediction at 82.84%. Regarding
the experimental results, the developed model,
probability-weighted voting ensemble learning, was
considered the best model when comparing the efficiency
of another 2 models, the based classification model and
the original ensemble model. The developed model was
based on the principle of ensemble learning, which was
the classification model.

To evaluate efficiency in this study, the efficiency of
the newly developed ensemble learning and original
ensemble learning models were compared.

As examined in Table 1V, the newly developed
ensemble learning model determined that the 3PW-
Ensemble model offered the highest accuracy of 85.36%,
which was higher than Random Forests using the original
ensemble learning model, which had an accuracy of
74.99%. Comparing the developed model to the
individual model called the based classification model,
probability-weighted voting ensemble learning offered
higher accuracy of the classification model.

Therefore, probability-weighted voting ensemble
learning with the 3PW-Ensemble model, which was
improved by applying ensemble learning to enhance the
efficiency of the classification model, could enhance the
efficiency of the prediction compared to the accuracy of
all classification models.
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Thus, according to the analysis of predicted results and
accuracy, probability-weighted voting ensemble learning
could enhance the efficiency of prediction, reduce the

error prediction result, and increase accuracy.

TABLE I. CHARACTERISTIC OF UCI DATA SETS

Dataset #lInstances #Attributes #Classes
cpu 70 7 2
b_scale 625 5 3
hepatitis 52 20 2
heart_de 90 14 2
lymp 49 16 4

TABLE Il. PERCENTAGE OF ACCURACY VALUES EVALUATED BY THE
ORIGINAL ENSEMBLE MODELS

Datasets | AdaBoost | Bagging | Stack Vote RF RS
cpu 88.57 80.00 | 64.29 | 64.29 | 88.50 | 88.57
b_scale 56.25 74.52 | 21.63 | 21.63 | 7837 | 63.94
hepatitis 65% 63.46 | 6538 | 65.38 | 59.62 | 65.38
heart_de 77.55 7233 | 57.78 | 57.78 | 70.89 | 73.33
lymp 71.43 77.55 | 59.18 | 59.18 | 77.55 | 77.55
Average 58.89 7357 | 53.65 | 53.65 | 7499 | 73.75

TABLE Ill. PERCENTAGE OF ACCURACY VALUES EVALUATED BY THE
PROBABILITY WEIGHTED-ENSEMBLE

Datasets 3PW 4PW 5PW 6PW

cpu 91.43 90.00 90.00 90.00
b_scale 91.35 91.26 87.01 81.25
hepatitis 75.00 75.00 76.92 75.00
heart_de 83.33 84.44 84.44 82.22

lymp 85.71 83.67 85.71 85.71
Average 85.36 84.87 84.82 82.84

TABLE IV. PERCENTAGE OF ACCURACY VALUES EVALUATED BY THE
PROBABILITY-WEIGHTED ENSEMBLE COMPARED WITH ENSEMBLE

MODELS
Datasets LW The best accuracy of
Ensemble models

cpu 91.43 88.57
b_scale 91.35 78.37
hepatitis 75.00 65.38
heart_de 83.33 77.55

lymp 85.71 77.55
Average 85.36 77.48

VI. CONCLUSIONS

This research study proposed the improvement of the
efficiency of classification through ensemble learning to
enhance the efficiency of classification and prediction, to
obtain better accuracy, and to reduce the error prediction
result. In other words, this study encouraged the predicted
result to obtain an accuracy that was most likely the
actual value of the class. Ensemble learning was
employed to develop the model by means of the based
classification model consisting of 6 approaches, namely,
the decision tree, k-nearest neighbors, support vector
machines, multilayer perceptron, nawe Bayes, and
Bayesian network.

In addition to the based classification model, the
original ensemble model was compared to determine the
efficiency of the predicted results using 6 approaches,
namely, AdaBoost, Bagging, Random Forests, Random
Subspace, Stacking, and Vote. Moreover, probability-
weighted voting ensemble learning was also employed,
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which was a new approach for improving the efficiency
of the classification and was divided into 4 approaches
consisting of the 3PW-Ensemble model, the 4PW-
Ensemble model, the 5PW-Ensemble model, and the
6PW-Ensemble model. This approach considered the
ensemble model that combined the ability of each model
using ensemble learning by combining the weight
occurring in each predicted class. For the classification
evaluation metrics, model evaluation was employed by
calculating the accuracy that was exposed to the actual
class in the percentage. Probability-weighted voting
ensemble learning could offer better predicted results.
The predicted results could be adjusted increasingly in
agreement with the actual class when calculating the
probability weight. Thus, it resulted in higher accuracy,
as well.

Therefore, this research study proposed the
probability-weighted voting ensemble model to improve
the efficiency of the prediction to provide suitable
efficiency for wvarious kinds of input data. The
probability-weighted voting ensemble model combined
the based classification model with the weight of each
model to obtain new weights of the classes from the
predicted results. This approach could offer a model with
higher accuracy than the models tested by other
approaches. As shown in the three tables displaying the
results of evaluating the efficiency of the model, the best
approach of the probability-weighted voting ensemble
model was the 3PW-Ensemble model, which provided
the highest accuracy of 85.36%
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