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ABSTRACT: The Ensemble classifier has been an active 
research topic in the area of machine learning. In a classifica-
tion task, the ensemble scheme determines a final class label 
from several individual results which are usually generated by 
several individual classifiers according to two major principles. 
The first is to use multiple learning algorithms to form the set 
of individual outcomes, and the second is to train a set of data 
fractions, which are generated from a given training dataset, 
with a weak learning algorithm to generate the set of results. 
The advantage of the first principle is on classification stabil-
ity, whereas that of the second principle is on the accuracy 
improvement in terms of classification accuracy. Thus far, most 
studies in the literature have been based on either a study of 
the two principles of ensemble. In this paper we propose a 
new ensemble scheme to combine the two principles simul-
taneously. We evaluate the performance on a classification 
task. Experimental results on several UCI benchmark datasets 
demonstrate that the proposed framework achieves improved 
performance in terms of classification accuracy compared to 
the conventional approaches.
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1. Introduction

An aggregating ensemble classifier has been a well-accepted 
method to improve accurate performance or stability in the 
area of machine learning, since there has been no individual 
approach always yielding the best performance. Previous 
studies have shown that the ensemble classifier is successful 
in the classification task, with consistent and stable results, as 
well as with improved performance in terms of classification 
accuracy. The ensemble classifier has been studied in many 
research areas including pattern recognition, information 
retrieval, data mining, and machine learning. The reason 
behind the usage of the ensemble classifier is its simplicity and 
performance on real data (Narasimhamurthy 2005).

In a classification task, the ensemble scheme determines a final 
class label from a set of individual results which are usually gen-

erated from a set of individual classifiers corresponding to two 
major principles. The first is to use multiple learning algorithms 
to form the set of individual results, where each participative 
learning algorithm contributes independently a result (opinion, 
vote or suggestion). The set of results (usually odd numbers) 
are then to be aggregated into a final class label by the use 
of a majority voting scheme which is commonly employed in 
many areas of research, such as the research in (Lam and Suen 
1997; Kuncheva 2002; Narasimhamurthy 2005). The second is 
to train a set of data fractions, which are all generated from a 
given training dataset, on a weak learning algorithm to gener-
ate several classifiers which can contribute the set of opinions. 
Such learning ensemble schemes like bagging (Breiman 1996), 
and boosting (Freund and Schapire 1996; Sun, Wang et al. 
2006), are the paradigms inspiring numerous extensions of 
ensemble. Mainly, they use different strategies to form variant 
data fractions: bagging uses bootstrapping strategy, whereas 
boosting does sampling by observing data quality in the prior 
training phases.

Accordingly, the first principle of the ensemble scheme focuses 
on adopting multiple learning algorithms, while the other one of 
that focuses on generating variant data fractions trained on a 
weak learning algorithm. The advantage of the first principle is 
on stability (Lam and Suen 1997; Kuncheva 2002; Kuncheva 
and Whitaker 2003; Chen and Zhou 2005; Narasimhamurthy 
2005), whereas that of the second principle is on accuracy 
improvement in terms of classification accuracy (Freund and 
Schapire 1995; Bauer and Kohavi 1999; Dietterich 2000; Sun, 
Wang et al. 2006).

However, most studies in the literature were based on either 
one of the two principles of the ensemble scheme. One may 
want to know whether there is an ensemble scheme can 
simultaneously preserve the property of the two principles. 
This led us to combine the two principles simultaneously and 
to present a new ensemble scheme concerning the use of the 
multiple learning algorithms and the generation of variant data 
fractions at the same time.

In this paper we present a new ensemble framework, namely 
boosting voting scheme, which is to perform an ensemble 
scheme integrating the set of the results of multiple learn-
ing algorithms with respect to variant data distributions. The 
framework attempts to achieve simultaneously stability and 
performance in terms of classification accuracy. The motivation 
is stimulated in that when a predicted result (class label) of a 
majority voting of a data instance is incorrect (the class label is 
aggregated from several classification learning algorithms), the 
data instance needs to be trained more often. In other words, 

System of Boosting Voting with Multiple Learning Algorithms

1Chien-Hsing Chen, 2Chung-Chian Hsu
1Department of Information Management
Hwa Hsia Institute of Technology
Taiwan
ktfive@gmail.com
2Department of Information Management
National Yunlin University of Science and Technology
Taiwan
hsucc@yuntech.edu.tw



154  Journal of Digital Information Management  Volume  8  Number  3  June  2010

the data instance has to be learnt more frequently when it is not 
easy to be classified by the use of the majority voting scheme. 
The proposed framework differs from previous work that was 
based either on a majority voting scheme with multiple learn-
ing algorithms which has been used to improve classification 
stability or on only a weak learning algorithm as is necessary 
in a boosting and a bagging schemes to improve classification 
accuracy. In particular, the proposed framework uses a gen-
eration strategy of variant data fractions in boosting, because 
the boosting scheme gave more efforts on data quality during 
training (Freund and Schapire 1996; Sun, Wang et al. 2006). 

This paper is organized as follows. Following the introduction 
(Section 1), Section 2 illustrates related work. Section 3 de-
scribes the detail of the proposed method. Section 4 describes 
the experiments performed on a set of UCI benchmark datasets. 
The conclusion is given in Section 5.

2. Related Work

An ensemble classifier has been useful in improving performance 
in terms of classification accuracy. Kuncheva mentioned 
that there are two principal tasks in an ensemble classifier 
(Kuncheva 2002). The first is to determine learning algorithms 
for the sake of producing classifiers, and the second is to use 
an ensemble fusion method. He argued that the outputs of a 
set (pool, committee, ensemble, or team) of the classifiers could 
be combined together to achieve higher accuracy than that of 
the best classifier. The author studied six fusion strategies, 
which were minimum, maximum, average, median, majority 
vote and oracle, to select a winner vote from a set of opinions. 
Recently, Kuncheva et al. derived upper and lower limits on 
the majority voting accuracy (Kuncheva, Whitaker et al. 2003). 
Their experimental results have demonstrated that the majority 
voting scheme with dependent classifiers potentially achieves 
a better performance than that with independent classifiers 
and an individual classifier. Narasimhamurthy  formulated 
the majority voting problem as an optimization problem with 
linear constraints via the theoretical lower and upper bounds 
in a binary classification problem (Narasimhamurthy 2005). 
He also analyzed the experiments tested on a majority voting 
scheme for an odd number of classifiers and for an even 
number of ones. Freund and Schapire applied the multiplicative 
weighting technique to derive a new ensemble scheme which 
does not require any prior knowledge about the performance 
of the weak learning algorithm (Freund and Schapire 1995). 
Martinez-Munoz and Suarez argued the ensemble size is a 
major factor of driving the error rate during training (Martinez-
Munoz and Suarez 2005). To use an ensemble scheme with 
different strategies is still an open issue.

The use of an ensemble scheme was usually based on two 
major principles. The first principle of ensemble classifier was 
to use multiple learning algorithms. It often focused on defining 
the weights for the combination of multiple classifiers or select-
ing multiple appropriate classifiers assumed independent from 
each other. For example, five methods which were Bayesian 
statistics, multiple linear regression, decision tree, neural 
network and support vector machine were got together for the 
use of classification in the research (Chen and Zhou 2005). 
The research in (Sinha and Huimin 2008) also integrated six 
methods, which were naive Bayes, logistic regression, deci-
sion tree, decision table, back-propagation neural network, 
k-nearest neighbor, and support vector machine, to solve 
classification problems. Other examples of ensemble clas-
sifier could be found in (Hansen and Salamon 1990; Wang, 
Fan et al. 2003; Won and Cho 2003; Plewczynski, Spieser 

et al. 2006; Banfield, Hall et al. 2007; derWalt and Barnard 
November 2006).

Another principle of ensemble classifier was to train a set of the 
data fractions, which were all generated from a given training 
dataset, on a weak learning algorithm to outcome numerous 
classifiers. Two schemes, which were a bagging and a boost-
ing schemes, were the paradigms inspiring numerous exten-
sions and have been applied in many research areas. First, a 
bagging scheme worked for combining multiple independent 
classifiers to yield a prediction class label via integrating their 
corresponding votes (Breiman 1996). It played a bootstrapping 
strategy to generate a set of training data fractions, in which 
the data distribution during training process seemed similar 
to the original distribution (Rodriguez and Kuncheva 2006). 
Each generated training data fraction was learnt by a learning 
algorithm, so that there was a set of classifiers, each of which 
contributed a vote with regards to its weight performed from the 
training performance. Second, a booting scheme was similar 
to bagging except in that the role of generation of training data 
fractions differed from each other. In boosting, each training 
data fraction was drawn with respect to the data distribution 
which was considered about the training data quality; thus the 
data distribution of a new generation was differed greatly from 
the old one. The literature (Freund and Schapire 1996; Elkan 
1997; Dietterich 2000; Schwenk and Bengio 2000; Sun, Wang 
et al. 2006; Sun, Wang et al. 2006) reports experiments by us-
ing a boosting strategy, in which AdaBoost algorithm was much 
more popular and more successful with many applications, as 
mentioned in (Sun, Wang et al. 2006). Due to bagging and 
boosting, all of which were similar in that they provided a valu-
able ensemble framework based on only a learning algorithm 
with respect to variant data fractions, they have been used 
to improve performance in terms of classification accuracy in 
many applications.

Accordingly, the first principle of the ensemble scheme 
focuses on adopting multiple learning algorithms, while the 
other one focuses on generating variant data fractions for 
training a weak learning algorithm. However, in the literature 
reported above, there is no work addressing the relation-
ship between multiple learning algorithms and multiple data 
fractions. Similarly, most studies in the literature focused on 
either a study of the multiple learning algorithms or the use 
of multiple data fractions drawn based on training result of 
a weak learning algorithm. This led us to combine the two 
principles simultaneously and to present a new ensemble 
scheme, namely boosting voting scheme, concerning the 
use of the multiple learning algorithms and the generation of 
variant data fractions at the same time.

3. Methodology

We present a new ensemble framework, namely boosting 
voting scheme, which is to perform an ensemble scheme 
integrating a set of the results of multiple learning algorithms 
with respect to variant data distributions. If a predicted result 
(class label) of a majority voting of a data instance is incorrect 
(the class label is aggregated from several classification 
learning algorithms), the data instance needs to be trained 
more often. In other words, the data instance has to be learnt 
more frequently when it is not easy to be classified by the use 
of the majority voting scheme.

We first give a definition of majority voting learning scheme 
and illustrate a running example to determine a class label with 
majority voting scheme. Then, we devise a framework to train 
a set of data fractions, which are all generated from a given 
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training dataset with respect to the results of the majority voting 
scheme, on a weak learning algorithm to generate classifiers.

3.1 Definition for Majority Voting Learning
Let  X  be a dataset containing a set of n data instances and 
let  xj be an instance which corresponds to its class label yj ∈ Y. 
Denote M = {m1, …, mI} to be a set of classifiers, where mi is the 
ith classifier that has a suggestion function vi(⋅). An instance xj has 
|M| suggestions by the use of the set of classifiers M which forms 
a tuple of dimension |M|. An example, as reported in Table 1, 
illustrates that each instance has three suggestions, each of which 
is the result of a classifier and assumed as either “Y” or “N”.

Instance m1 m2 m3

x19 Y Y N

x23 N N Y

x32 Y N N

Table 1. Three tuples are generated by the use of M= {m1, m2, m3}

Since a majority voting scheme with multiple learning algorithms 
has been a well-known integrated voting approach to generate a 
final class label, it is able to result a winner vote for xj. The winner 
vote is chosen by using the majority voting scheme with M. The 
formula which is to generate a winner vote is written as
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where vi(xj) is a suggestion of the ith learning algorithm for a data instance xj. The function δ()  is a boolean 
function returning 1 while its argument is evaluated true and 0, otherwise. Hence, based on the example 
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where vi(xj) is a suggestion of the ith learning algorithm for a data 
instance xj. The function δ() is a boolean function returning 1 
while its argument is evaluated true and 0, otherwise. Hence, 
based on the example shown in Table 1, the results of these 
three instances as shown in Table 2 are obtained by the use 
of the formula (1).

Instance h1(.)

x19 Y

x23 N

x32 N

Table 2. Results of the three instances by the use of the majority voting 
scheme with M= {m1, m2, m3}

3.2 Boosting Voting Scheme
In this paper, we combine the principles of a majority voting 
scheme with multiple learning algorithms and a boosting 
algorithm (Freund and Schapire 1996; Elkan 1997; Schapire 
and Singer 1999; Schwenk and Bengio 2000) and then propose 
a new ensemble framework, namely boosting voting scheme, 
to achieve a classification task. The proposed framework 
differs from previous work which focuses on either a study of a 
majority voting scheme with multiple learning algorithms or a 
boosting algorithm. In other words, instead of multiple learning 
algorithms m1, m2, …, mI used in a majority voting scheme or only 
a weak learning algorithm trained on multiple data fractions X1, 
X2, …, XT which are generated from a training dataset X in the 
boosting algorithm, we perform a procedure allowing numerous 
iterations, which correspond to multiple data fractions and 
involve multiple learning algorithms to produce a winner vote.

The method of generating multiple data fractions can refer to 
the boosting algorithm (Freund and Schapire 1996); that is, 
a training data instance is drawn with respect to the previous 

training quality. In other words, a data instance of which class 
label predicted by the majority voting scheme is incorrect will 
have a higher probability to be drawn and may be included in 
the training task at the next step. The algorithm of the framework 
proposed in this paper is written as follows (to see Fig. 1).

A majority voting scheme is a robust approach in hypothesizing 
a class label for a data instance. We extend the formula (1) to 
have repeated learning rounds to produce further hypotheses 
ht(xj) instead of only one h1(xj), where ht(.) represents the hy-
pothesis for t rounds and h1(.) represents the single hypothesis. 
Therefore, a T-dimensional vector for the hypotheses is made 
for each of the data instances. Moreover, the learning property 
for the participative method mi at the tth round can be studied. 
The formula (1) is then rewritten as follows:
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where vi,t is a suggestion function for the mi approach at the tth 
round and ui,t is to measure the capability of mi tested on a data 
fraction Xt at the tth round defined as follows:
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where τ i,t is the probability of a training error with the approach 
mi at tth round.

We can obtain the results by the use of formula (2). The results 
can be illustrated in Table 3. It differs from Table 2 in that it 
allows repeated learning rounds (the number of rounds in the 
example is set to 4).

Instance h1(.) h2(.) h3(.) h4(.)

x19 Y Y N Y

x23 N N N Y

x32 N Y Y Y

Table 3. Results of the three instances by the use of the h(.) formula

Figure 1. The boosting voting algorithm
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Input: 
n
jjx 1}{  X with its class label n

jjy 1}{  Y is given 

let ntD n
jj /1)}({ 1   for t = 1 

the number of rounds T is assigned 
set the number of learning algorithms 
learning algorithm mi  M for all i is determined 

Do:
for t = 1, 2, …, T {

 bootstrapping a data fraction Xt with respect to n
jj tD 1)}({   

 for n
jjx 1}{   { 

    for ||
1}{ M

iim   M {
      run vi,t(xj) 
    } 
 } 

calculate ||
1, }{ M

itiu   in (3) 
execute ht(xj) using (2) 
calculate wt in (4) 
update Dj(t+1) in (7) 
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Output: 
execute Hfin(xj) using (5) 
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For ht(.), t = 1, 2, …, T, they can have different voting sugges-
tions with respect to a set of data fractions, and have different 
confidences for a total of T rounds. Therefore, a prediction 
confidence wt for a learning round t is written as follows:

wt
t

t
= log 1-e

e  (4)

where εt is the rate of training errors at the tth round. In other 
words, the value wt is large, if the amount of the prediction class 
label for the training data instances at the tth round is large.

Different from previous work in the boosting scheme, our 
method performs multiple learning algorithms M to output the 
results for all iterations T and then integrates multiple voting 
hypotheses 
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We can obtain the example which is from Table 3 by using 
formula (5). The results can be illustrated in Table 4 to show 
the final winner suggestion.

Instance Hfin(.)

x19 Y

x23 N

x32 Y

Table 4. Results of the three instances by the use of the Hfin(.) 
formula

The training sample Xt at the t round is evolved from Xt-1 by the 
bootstrapping strategy with respect to the learning property in 
the training process. It is worth mentioning that an instance has 
to be learnt more frequently when it is not easy to be classified. 
Therefore, an instance xj will appear much more possible in Xt 
while gaining the wrong prediction class label in Xt-1. Similarly, 
an instance may be learned at the t +1 round when the result 
of ht(.) is incorrect. On the other hand, xj contributing the correct 
class label in Xt-1 may not appear in Xt. That is to say, the result 
of ht(xj) which is wrong will increase the probability Dj(t+1) as 
would be drawn at round t+1.
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where Zt is a normalization value so as to satisfy 1)}({ 1 
n
jj tD  for each t round. 

4.   Experiments 

4.1. Experimental Dataset 
We tested twelve datasets in the experiment. The experimental datasets are selected from a well-known 
UCI machine learning repository (UCI). The description of the datasets including dataset name, numbers of 
attributes and numbers of classes is listed in Table V. 

Table V Description of a set of UCI Benchmark Datasets 
Dataset Name numbers of

Attributes
numbers of 

Classes 
Bench 60 2 
Chess 36 2 
Glass 9 6 

Hepatitis 19 2 
HillValley 100 2 

Iris 4 3 
Mannorgraphic 5 2 

Statlog 18 4 
StatlogGaman 24 2 

Wine 13 3 
Yeast 8 10 
Zoo 16 7 

4.2. Experimental Setting 
We test performance on a classification task by the use of ensemble schemes. A total of four ensemble 
schemes, namely boosting voting, boosting, bagging and majority voting, are employed to test performance 
for the twelve UCI benchmark datasets. The boosting voting scheme proposed in this paper is performed by 
the use of the procedure mentioned in Fig. 1. The majority voting scheme with multiple learning algorithms 
we used follows equation (1) which assumes that the participative classifiers contribute their votes with 
equal weights. Both they have to determine a set of M classifiers as mentioned in Section 3.1. The 
K-nearest neighbor (KNN) algorithm is able to produce multiple classifiers by setting a different parameter 
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dataset name, numbers of attributes and numbers of classes 
is listed in Table 5.

Dataset Name Numbers of

Attributes

Numbers of

Classes

Bench 60 2

Chess 36 2

Glass 9 6

Hepatitis 19 2

HillValley 100 2

Iris 4 3

Mannorgraphic 5 2

Statlog 18 4

StatlogGaman 24 2

Wine 13 3

Yeast 8 10

Zoo 16 7

Table 5. Description of a set of UCI Benchmark Datasets

4.2 Experimental Setting
We test performance on a classification task by the use of ensemble 
schemes. A total of four ensemble schemes, namely boosting 
voting, boosting, bagging and majority voting, are employed to 
test performance for the twelve UCI benchmark datasets. The 
boosting voting scheme proposed in this paper is performed by the 
use of the procedure mentioned in Figure 1. The majority voting 
scheme with multiple learning algorithms we used follows equation 
(1) which assumes that the participative classifiers contribute their 
votes with equal weights. Both they have to determine a set of M 
classifiers as mentioned in Section 3.1. The K-nearest neighbor 
(KNN) algorithm is able to produce multiple classifiers by setting 
a different parameter value K. In practice, we use three classifiers 
based on the KNN algorithm with a different parameter K which 
includes 3, 5, and 7, respectively. In other words, the boosting 
voting scheme and the majority voting scheme are to use three 
classifiers (3NN, 5NN, and 7NN algorithm) together to perform the 
performances on the test of the twelve datasets.

Another two schemes are a majority voting scheme and a 
boosting majority scheme. They both need a single weak 
learning algorithm to do the classification task. Therefore, 
we use the KNN algorithm with K set to 5 for performance 
comparison with the other ensemble schemes. K is set to 5 
because of its simplicity.

We run each ensemble scheme 10 times. For each time, we 
divide randomly the data instances into two parts: two-third 
as the training dataset and one-third as the testing dataset for 
the classification task in the experiment. For each time, we set 
the number of rounds of the four ensemble schemes to 10 (A 
literature in (Sun, Wang et al. 2006) set the boosting scheme 
for 10 generations) for the classification task.

We use the Euclidean formula to measure the distance between 
data instances for the use of KNN algorithm. The categorical 
attributes are measured as the range of {0, 1} and the numerical 
attributes are measured as the range of [0, 1].

4.3 Performance Comparison
An accuracy measure is applied to evaluate the performance. 
The performance comparison for the four ensemble classifiers 
is shown in Table 6. In Table 6, the first column describes the 

(t+1)
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dataset names, and the other columns are the performances 
of accuracy rate by different ensemble schemes.

Dataset Name Boosting 
Voting

boosting bagging Majority 
Voting

Bench 0.50 0.47 0.47 0.45

Chess 0.75 0.72 0.70 0.69

Glass 0.63 0.64 0.56 0.56

Hepatitis 0.64 0.61 0.63 0.61

HillValley 0.50 0.49 0.48 0.46

Iris 0.87 0.86 0.87 0.88

Mannorgraphic 0.69 0.66 0.68 0.68

Statlog 0.59 0.56 0.56 0.54

StatlogGaman 0.66 0.68 0.67 0.67

Wine 0.93 0.89 0.89 0.90

Yeast 0.50 0.49 0.48 0.49

Zoo 0.88 0.87 0.86 0.84

Table 6. Accuracy Rates on twelve UCI benchmark datasets

The experimental results demonstrate that the boosting voting 
scheme is superior to the others in performing the classification 
task. The experiments show that the boosting voting scheme 

gains the best performance than the others in a total of nine 
datasets, which are “Bench”, “Chess”, “Hepatitis”, “HillValley”, 
“Mannorgraphic”, “Statlog”, “Wine”, Yeast”, and “Zoo”. The 
boosting scheme gains the best performance in two datasets, 
while the bagging and the majority voting gains best perfor-
mance in one dataset.

We further illustrate the performance by the use of average 
accuracy measure and depict graphically the accuracy rate 
(accuracy rate in average) and variance by the boxplot analysis 
for the 10 times. From this analysis, we can observe not only 
the average accuracy but also the stability of classification re-
vealed by the variance. The shorter box width represents that 
the scheme is more stable in terms of classification accuracy.

From the observation, the boosting voting scheme is able to 
achieve simultaneously the stability of classification and ac-
curacy improvement. The majority voting scheme with three 
learning algorithms potentially achieve the stability on several 
datasets; however, it is not able to improve the accuracy rate. In 
contrast, the boosting scheme is able to improve the accuracy 
rate on several datasets; however, it has no stability in terms 
of classification accuracy.

In summary, the experimental results indicate that the boosting 
voting scheme outperforms the other three ensemble schemes 
in testing on a classification task. The research as reported in 
the literature has mentioned that a majority voting scheme with 
multiple learning algorithms was a powerful scheme in integrat-
ing the votes from several classifiers and was a well-accepted 
method to achieve excellent performance. Both the bagging 
scheme and the boosting scheme are well-known techniques 
to improve performance in terms of classification accuracy. 

Figure 2. Boxplot analysis for the four ensemble schemes on the twelve UCI benchmark datasets
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Importantly, the experiments demonstrate that the boosting 
voting scheme proposed in this paper is valuable in the clas-
sification task and show better and more stable performance 
than the majority voting scheme, the boosting scheme and the 
bagging scheme.

5. Conclusion

The ensemble classifier is to choose a winner vote from several 
opinions and is usually based on two major principles. The 
first focuses on the use of multiple learning algorithms and the 
second focuses on generating various data fractions for training 
a learning algorithm. The advantage of the first principle is on 
the stability (Lam and Suen 1997; Kuncheva 2002; Kuncheva 
and Whitaker 2003; Chen and Zhou 2005; Narasimhamurthy 
2005), whereas that of the second principle is on the accuracy 
improvement in terms of classification accuracy (Freund and 
Schapire 1995; Bauer and Kohavi 1999; Dietterich 2000; Sun, 
Wang et al. 2006). However, most studies in the literature were 
only based on either one of the two principles. This led us to 
combine the two principles simultaneously and to present a new 
ensemble scheme concerning the use of the multiple learning 
algorithms and the generation of variant data fractions at the 
same time. In this paper we present a new ensemble scheme, 
namely boosting voting, allowing a set of learning algorithms with 
various data fractions, instead of only a majority voting scheme 
with multiple learning algorithms which has been commonly 
employed for improving prediction stability or a weak classification 
algorithm as is necessary in boosting scheme. The principal idea 
is that a data instance has to be learnt more frequently when it is 
not easy to be classified by the use of the majority voting scheme. 
From the experiment, we can find that the boosting voting 

scheme proposed in the paper achieves stability and accuracy 
improvement tested on several UCI benchmark datasets. In the 
future, we are interested in applying the boosting voting scheme 
for the analysis on various practical datasets.
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