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Ensemble learning has attracted considerable attention owing to its good generalization performance.
The main issues in constructing a powerful ensemble include training a set of diverse and accurate base
classiﬁers, and effectively combining them. Ensemble margin, computed as the difference of the vote
numbers received by the correct class and the another class received with the most votes, is widely used
to explain the success of ensemble learning. This deﬁnition of the ensemble margin does not consider
the classiﬁcation conﬁdence of base classiﬁers. In this work, we explore the inﬂuence of the classiﬁcation
conﬁdence of the base classiﬁers in ensemble learning and obtain some interesting conclusions. First, we
extend the deﬁnition of ensemble margin based on the classiﬁcation conﬁdence of the base classiﬁers.
Then, an optimization objective is designed to compute the weights of the base classiﬁers by minimizing
the margin induced classiﬁcation loss. Several strategies are tried to utilize the classiﬁcation conﬁdences
and the weights. It is observed that weighted voting based on classiﬁcation conﬁdence is better than
simple voting if all the base classiﬁers are used. In addition, ensemble pruning can further improve the
performance of a weighted voting ensemble. We also compare the proposed fusion technique with some
classical algorithms. The experimental results also show the effectiveness of weighted voting with
classiﬁcation conﬁdence.
& 2014 Elsevier Ltd. All rights reserved.
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1. Introduction
One of the main aims in the machine learning domain has always
been to improve the generalization performance. Ensemble learning
has gained considerable research attention for more than twenty years
[3,8,12,29,33] owing to its good generalization capability. This technique trains a set of base classiﬁers, instead of a single one, and then
combines their outputs with a fusion strategy. Numerous empirical
studies and applications show that the combination of multiple classiﬁers usually improves the generalization performance with respect to
its members [1,28,31,47,51].
There are two key issues in constructing an ensemble system:
(1) learning a collection of base classiﬁers and (2) combining them
with an effective technique. Various algorithms have been developed
for learning base classiﬁers by perturbing training samples, parameters, or structures of base classiﬁers [5,6,12,31,50]. For example,
Bagging [5] generates different training sets by bootstrap sampling
[11], whereas Zhou and Yu proposed a technique of multi-modal
perturbation to learn diverse base classiﬁers [50]. In 2005, a review on
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the techniques of learning the diverse members was reported in [6].
The fusion strategy refers to effectively combining the outputs of the
base classiﬁers. Currently available fusion algorithms can be roughly
categorized into two schemes: one is to combine all the base classiﬁers with a certain strategy, such as simple voting [17] and weighted
voting [3,13]. However, the investigation in [24] showed that combining part of the base classiﬁers, instead of all, may lead to better performance. Selective ensembles produced signiﬁcantly higher accuracies
than the original ensembles [41,47,49].
It is well known that a set of diverse and accurate base classiﬁers is
the prerequisite for a successful ensemble. Indeed, effective exploitation of these base classiﬁers is also an important factor for designing a
powerful ensemble. We will focus on the second issue in this work. An
ensemble margin is considered an important factor, which has an
impact on the performance of an ensemble and is utilized to interpret
the success of Boosting [2,34,36,43]. Different boosting algorithms
have been developed by constructing distinct loss functions based on
the margin [10,12,22,33]. However, the margin deﬁned in [36] just
uses the classiﬁcation decision of the base classiﬁers and their classiﬁcation conﬁdences are overlooked. In fact, classiﬁcation conﬁdence
was theoretically proved to be a key factor on the generalization
performance [35].
In this work, we want to identify the role of the classiﬁcation
conﬁdence of a base classiﬁer in ensemble learning. We generalize
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the deﬁnition of the margin based on the classiﬁcation conﬁdence.
The weights of the base classiﬁers are trained by optimizing the
margin distribution. This strategy is similar to learning a classiﬁcation
function in a new feature space (meta-learning), just like the stacking
technique [39,44]. In stacking, the outputs of the base classiﬁers are
viewed as new features to train a combining function. Here, we show
the difference of optimizing different margins from the viewpoint of
the stacked generalization, and explain the necessity of incorporating
the classiﬁcation conﬁdence into the margin.
Then, we explore how to utilize the weights and the classiﬁcation conﬁdences in combining the base classiﬁers. Four strategies
are considered in this work. The weights are used to select the base
classiﬁers. In a selective ensemble, a function should be developed
to evaluate the quality of the base classiﬁers [25]. Similar to feature
selection, classiﬁer selection is also a combinational optimization
problem. Assume that an ensemble consists of L base classiﬁers.
Then, there are 2L 1 nonempty sub-ensembles. Therefore, it is
unfeasible to search the optimal solution via exhaustive search. In
order to address this problem, several suboptimal ensemble pruning methods were proposed [1,8,16,47,49,51]. In the ordered aggregation technique, the base classiﬁers are selected based on the order
[24–29]. The base classiﬁers are sorted by a speciﬁed rule, and then,
they are added into the ensemble sequentially. A fraction of the base
classiﬁers in the ordered ensemble are selected.
How to rank the base classiﬁers in the aggregation process is
the key issue for this technique. In 1997, Reduce-Error pruning
and Kappa pruning were proposed [24]. For Reduce-Error pruning, the ﬁrst classiﬁer is the one with the lowest classiﬁcation
error and the remaining classiﬁers are sequentially selected to
minimize the classiﬁcation error. Then, in 2004, Reduce-Error
pruning without backﬁtting, Complementarity Measure, and
Margin Distance Minimization were proposed to decide the order
of the base classiﬁers [26], respectively. Based on the Complementarity Measure, the classiﬁer incorporated into a subensemble is the one whose performance is most complementary
to this sub-ensemble. Recently, ensemble pruning via individual
contribution ordering (EPIC) and uncertainty weighted accuracy
(UWA) were proposed [23,29]. Moreover, in [25], the performances of some ordered aggregation-pruning algorithms have
been extensively analyzed. For the proposed method, the base
classiﬁers are sorted based on their weights in the descending
order, which is similar to the method, MAD-Bagging, proposed in
[46]. However, MAD-Bagging does not consider the classiﬁcation
conﬁdence. While the major objective of this work is to analyze
the inﬂuence of the classiﬁcation conﬁdence in ensemble learning. We try some ordered aggregation techniques to combine the
base classiﬁers. Both the weighted and simple voting strategies
are tested after pruning. The objective is to elucidate how to use
the weights and the classiﬁcation conﬁdences of the base
classiﬁers in ensemble optimization.
The main contributions of the work are listed as follows. First, we
introduce the classiﬁcation conﬁdence in deﬁning the ensemble
margin and design a margin-induced loss function to compute
the weights of the base classiﬁers. Second, we test several strategies
to utilize the weights and the classiﬁcation conﬁdences in combining
the base classiﬁers. Finally, extensive experiments are conducted to
test and compare different techniques, and some guidelines for
constructing a powerful ensemble are given.
The rest of the paper is organized as follows. In Section 2, we
present some main notations and review the related works. In Section
3, we show how to learn the weights of the base classiﬁers and reveal
the difference of optimizing different margins. In Section 4, we explore
how to utilize these weights and the classiﬁcation conﬁdences to
combine the base classiﬁers and propose a new ordered aggregation
ensemble pruning method. Then, we analyze the proposed method in
Section 5. Further, we test our algorithm on open classiﬁcation tasks
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and study its mechanism for improving the classiﬁcation performance
in Section 6. Finally, Section 7 presents the conclusions.

2. Notations and related works
The main notations used in this paper are summarized as
follows:
hj ðj ¼ 1; 2; …; LÞ: the base classiﬁers
L: the total number of the base classiﬁers
X ¼ fðxi ; yi Þ; i ¼ 1; 2; …; ng: the pruning set
yi: the true class label of the sample xi
y^ ij : the classiﬁcation decision of xi estimated by the classiﬁer hj
rij: the classiﬁcation conﬁdence of xi estimated by the classiﬁer hj
In the following, ﬁrst, we introduce some works related to the
classiﬁcation conﬁdence, margin, and stacked generalization, and
then, we present some ordered aggregation pruning methods used
in our experiments.
Classiﬁcation conﬁdence is used in this paper. A classiﬁer hj assigns
a classiﬁcation conﬁdence rij to its decision y^ ij . For example, considering a linear real-valued classiﬁer hðxÞ ¼ ψ  x  b, the classiﬁcation
decision of the sample x is 1 if hðxÞ Z 0 and  1 otherwise. Then, the
value jhðxÞj can be deemed as the classiﬁcation conﬁdence for its
decision. In [35], the bound on the generalization error for this linear
classiﬁer was given, and it indicated that the classiﬁcation conﬁdence
was an important factor for generalization. The linear classiﬁer was
also generalized to non-linear function and the detailed information
can be obtained in [35]. Moreover, the classiﬁcation conﬁdence has
been utilized in certain ensemble learning algorithms [12,30,32,45].
The margin is also considered as an important factor for the
generalization performance of ensemble learning [36,43]. In [36], the
margin of a sample with respect to an ensemble was introduced.
Given a sample xi A X, its margin with respect to fh1 ; …; hL g is deﬁned
as
L

mðxi Þ ¼ ∑ wj Λij ;
j¼1

s:t: wj Z 0;

L

∑ wj ¼ 1;

ð1Þ

j¼1

where wj is the weight of the classiﬁer hj and
(
1
if yi ¼ y^ ij
Λij ¼  1 if y a y^
i
ij

ð2Þ

In this work, a generalized deﬁnition of the margin is proposed
based on the classiﬁcation conﬁdence and the weights of the base
classiﬁers are learned through the optimization of the margin distribution. We will discuss the difference of optimizing different margins
from the viewpoint of stacked generalization [39,44]. The stacking
algorithms learn the weights of the base classiﬁers by training a
function in a new feature space. In [44], the classiﬁcation decision of
the base classiﬁer was used as the input feature. Then, the classiﬁcation conﬁdence was introduced and the stacking performance was
improved [39].
In the classiﬁers ensemble, we are generally given a set of base
classiﬁers fh1 ; …; hL g, which are obtained by certain learning algorithms [5,6,12,31,50]. Then, they are combined with some strategies
such as the simple voting or the weighted voting. The simple voting
implies that the class that receives the most votes is considered as the
ﬁnal decision. In the weighted voting, the votes are weighted and the
ﬁnal ensemble decision is the class that receives the largest weight
coefﬁcients sum of votes.
It was shown that selectively combining some of the base
classiﬁers may lead to a better performance than combining all of
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them [24]. Based on this observation, some ensemble pruning
techniques were constructed, which select a fraction of the candidate
base classiﬁers from fh1 ; …; hL g based on various strategies. As there
are 2L 1 nonempty sub-ensembles, it is impossible to check all of
them for obtaining the best solution. Approximate optimal
approaches were proposed [40,48].
The focus of this paper is ensemble pruning using the ordered
aggregation technique [25]. It selects a sub-ensemble based on
modifying the order of the base classiﬁers, i.e., the random order of
h1 ; …; hL should be replaced by a speciﬁed sequence hs1 ; …; hsL via a
rule. Starting with an empty set S, the base classiﬁers are iteratively
added into this set based on their order in the speciﬁed sequence.
Here, the base classiﬁers are ordered based on the pruning set that can
be a training set or a separate set. In [25], it is shown that the
performance of using all available data for training as well as pruning
is better than that of withholding some data. Thus, the training set is
used for pruning in this paper. It can be seen that the key factor for
ordered aggregation pruning is sorting the base classiﬁers and their
time complexity is a polynomial in the size of the base classiﬁers set.
In the following, some methods used in our experiments are reviewed
brieﬂy.
In [26], the base classiﬁers are sorted based on margin distance
minimization and the corresponding ensemble pruning method is
called MDM. In particular, the uth classiﬁer incorporated into the
current sub-ensemble Su  1 is



u1
1
cj þ ∑ cst
;
ð3Þ
su ¼ arg min d o;
u
j
t¼1
where cj is the n dimensional signature vector of hj whose ith
component ðcj Þi is 1 if the sample xi is correctly classiﬁed by hj and
1 otherwise. The objective point o is placed in the ﬁrst quadrant
with equal components oi ¼ p and 0 o p o1, j runs throughout the
classiﬁers outside Su  1 , and dðt; vÞ is the usual Euclidean distance
between the vectors t and v. Then, in [25], the improved version of
MDM is proposed, and it uses a moving objective point o that allows
p(u) to vary with the size of the sub-ensemble u. Exploratory
pﬃﬃﬃ
experiments show that a value pðuÞ p u is appropriate. In this
paper, we use the improved version for comparison with our method.
In the Complementarity Measure [26], the uth classiﬁer incorporated into the current sub-ensemble Su  1 is
n

su ¼ arg max ∑ Iðy^ ij ¼ yi 4 H Su  1 ðxi Þ a yi Þ;
j

ð4Þ

i¼1

where j runs throughout the classiﬁers outside Su  1 . It can be seen
that the selected classiﬁer is one whose performance is complementary to that of sub-ensemble Su  1 .
For EPIC [23], it incorporates the base classiﬁers based on their
contributions to the entire ensemble in the descending order and
the contribution of hj is deﬁned as
n

ðiÞ
ðiÞ
ðiÞ
ðiÞ
ðiÞ
IC j ¼ ∑ ðαij ð2νðiÞ
max  νy^ Þ þ β ij νsec þ θ ij ðνcorrect  νy^  νmax ÞÞ;
i¼1

ij

ij

ð5Þ

ðiÞ
where νðiÞ
max is the number of the majority votes on xi, νy^ ij is the
ðiÞ
^
number of predictions y ij , and νsec is the second largest number of
the votes on the labels of xi. Further, for a classiﬁer hj,
(
1 if y^ ij ¼ yi and y^ ij is in the minority group;
αij ¼
0 otherwise:
(
1 if y^ ij ¼ yi and y^ ij is in the majority group;
βij ¼
0 otherwise:
(
1 if y^ ij a yi ;
θij ¼
0 otherwise:

3. Learning weights of base classiﬁers based on margin
optimization
It can be seen that the margin deﬁned in the above section does
not use the classiﬁcation conﬁdence. Motivated by the conclusion
in [35], we consider the classiﬁcation conﬁdence and generalize
the deﬁnition of the margin in ensemble as follows.
Deﬁnition 1. For xi A Xði ¼ 1; 2; …; nÞ, let r ij A ½0; 1 be its classiﬁcation conﬁdence by the classiﬁer hj ðj ¼ 1; 2; …; LÞ. The margin of xi
based on the classiﬁcation conﬁdence is computed as
L

mcc ðxi Þ ¼ ∑ wj Λij r ij ;
j¼1

s:t: wj Z 0;

L

∑ wj ¼ 1:

ð6Þ

j¼1

It is a generalization to the margin proposed in [36]. In the
following, we show how to learn the weights of the base
classiﬁers, wj ðj ¼ 1; 2; …; LÞ, through margin distribution optimization. The objective function consists of the classiﬁcation loss with
respect to the margin and a regularization term.
Deﬁnition 2. For xi A X, its classiﬁcation loss based on the margin
is deﬁned as
f ðxi Þ ¼ ð1 mcc ðxi ÞÞ2 :

ð7Þ

Here, the squared loss function is utilized to compute the
classiﬁcation loss. In fact, other loss functions can also be used,
such as
f 1 ðxi Þ ¼ log ð1 þ expð  mcc ðxi ÞÞÞ:

ð8Þ

In this work, we will not discuss the other loss functions. The
classiﬁcation loss of X in terms of the squared loss function is
computed as
n

f ðXÞ ¼ ∑ f ðxi Þ ¼ ‖U  EW‖22 ;

ð9Þ

i¼1

where U ¼ ½1; …; 1Tn1 , W ¼ ½w1 ; …; wL TL1 , and E ¼ fΛij r ij gnL .
Now, the optimization function can be written as
F ¼ ‖U  EW‖22 þ λ‖W‖2 ;
s:t: wj Z 0;

L

∑ wj ¼ 1:

ð10Þ

j¼1

Here, the loss function is regularized with l2 of the weights for
enlarging the margin of the decision function [14]. It is worth
noting that we add a constraint to the weights that wj Z 0 to
guarantee a convex combination of the base classiﬁers. By minimizing F, we get wj ðj ¼ 1; 2; …; LÞ. Several open software packages
can be used to determine its solution [21]. The idea of optimizing
an objective function based on the margin to compute the weights
of the base classiﬁers was also applied in LPboosting [15]. Its aim
was to maximize the minimum margin of an ensemble via linear
programming [9]. Experimental results showed that LPboosting
could achieve a larger minimum margin than Adaboost; however,
LPboosting did not always yield a better generalization performance than Adaboost. According to [36], it is the margin distribution, rather than the minimum margin, that determines the
generalization performance. In this work, we are aimed at optimizing the margin distribution of the ensemble, instead of the
minimum margin.
We can see from Eq. (10) that the margin is a key factor in the
objective function. Naturally, there is a question what is the difference if mcc(x) is substituted by m(x) (the new objective function is
denoted as Fb ). We try to answer this question from the viewpoint of
the stacked generalization [44].
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Consider a two-class supervised learning task and the weighted
voting function gðxÞ ¼ signð∑Lj ¼ 1 wj y^ xj Þ, where y^ xj A f  1; 1g is the
decision of the sample x by hj. The decisions of a sample xi can be
represented as an L-dimensional vector ðy^ i1 ; …; y^ iL Þ. Then, g(x) can
be deemed as the classiﬁcation function in the L-dimensional
feature space, and wj ðj ¼ 1; 2; …; LÞ are the coefﬁcients of this
function. It is known that the coefﬁcients can be trained by
optimizing an objective function [14]. We use the squared loss
function in this work:
"
#2
n

∑

i¼1

L

1  yi n ∑ wj y^ ij
j¼1

þ λ‖W‖2 :

i

ij

j¼1

i¼1

ð12Þ
It is easy to derive that minimizing Fb is similar to training l2-SVM
[37] in the new feature space except that a constraint wj Z 0 is
considered in ensemble learning.
However, if the sample xi is represented as ðy^ i1 ; …; y^ iL Þ, there
exists a drawback that its distinguishing ability between different
samples is poor. Given two base classiﬁers, there are only four
different cases {(1,1), (1,  1), (  1,1), (  1,  1)} for representing all
samples. We can see that most of them will overlap.
In order to overcome this limitation, the classiﬁcation conﬁdence is used and each sample xi is represented with ðy^ i1 nr i1 ; …;
y^ iL nr iL Þ. Then, the weighted voting can be written as gðxÞ ¼
signð∑Lj ¼ 1 wj y^ xj r xj Þ. It is known that although two samples have
the same classiﬁcation decision, their classiﬁcation conﬁdences are
generally different. Therefore, compared to ðy^ i1 ; …; y^ iL Þ, the distinguishing ability between different samples is enhanced when xi is
represented by ðy^ i1 nr i1 ; …; y^ iL nr iL Þ. The objective function can be
written as
"
#2
n

∑

i¼1

In

L

j¼1

this

mcc ðxi Þ ¼
"
n

∑

i¼1

þ λ‖W‖2 :

1  yi n ∑ wj y^ ij r ij

Λij rij ¼ yi ny^ ij rij ,

case,
∑Lj ¼ 1 wj
L

Λ

1  yi n ∑ wj y^ ij r ij
j¼1

ð13Þ
where

L
^ ij r ij .
ij r ij ¼ yi n∑j ¼ 1 wj y

#2

decision function with
classification confidence
(−1 +1)

(+1 +1)

ð11Þ

It can be seen that yi ny^ ij ¼ Λij and mðxi Þ ¼ ∑Lj ¼ 1 wj Λij ¼ yi n ∑Lj ¼ 1 wj
y^ ij when y^ ij ; yi A f  1; 1g. Thus,
"
#2
n
L
n
þ λ‖W‖2 ¼ ∑ ½1 mðxi Þ2 þ λ‖W‖2 ¼ Fb :
∑ 1  y n ∑ wj y^
i¼1
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y^ ij ; yi A f  1; 1g,

and

Thus,

n

þ λ‖W‖2 ¼ ∑ ½1  mcc ðxi Þ2 þ λ‖W‖2 ¼ F:

(+1 −1)

(−1 −1)

decision function without
classification confidence
Fig. 1. The difference of decision functions based on different margin deﬁnitions.
(For interpretation of the references to color in this ﬁgure caption, the reader is
referred to the web version of this paper.)

classiﬁcation margins are distinct. When we do not consider the
classiﬁcation conﬁdence, we assign the same classiﬁcation loss to all
the misclassiﬁed samples. However, if the classiﬁcation conﬁdence is
taken into account, their losses are different. Thus a ﬁner representation is provided in this case, which leads to the performance
improvement in the ﬁnal ensemble.
4. Ensemble pruning based on classiﬁcation conﬁdence
Now, we explore how to utilize the classiﬁcation conﬁdences of
the base classiﬁers and the weights to combine their outputs.
Given fh1 ; …; hL g and X ¼ fðxi ; yi Þ; i ¼ 1; 2; …; ng, we minimize F
and obtain wj ðj ¼ 1; 2; …; LÞ. The base classiﬁers are iteratively added
into an empty set based on their weights in the descending order, and
then, the sub-ensemble with the best performance on the pruning set
is selected as the pruned ensemble. The ordered aggregation is a
greedy technique and it has been used in some algorithms [7,23,25–
29]. In this process, the classiﬁcation conﬁdence can be utilized in two
steps. One is used in learning the weights of the base classiﬁers via
optimizing the margin distribution and the other is used in weighted
voting. Therefore, we need to identify whether the classiﬁcation
conﬁdence should be used in both of them. Thus, we try four strategies to use the classiﬁcation conﬁdences:

i¼1

ð14Þ
Take the UCI data set “hepatitis” as an example. If there are two
base classiﬁers, their outputs form a 2-D decision space, as shown
in Fig. 1. Each sample is represented as a 2-dimensional vector. If
the classiﬁcation conﬁdence is not considered, there are only four
cases of the decision outputs: fð1; 1Þ; ð  1; 1Þ; ð1;  1Þ; ð 1;  1Þg.
However, when the classiﬁcation conﬁdence is considered, the
representation ability is enhanced and the samples can be distinguished. Further, their corresponding decision functions are
different. In Fig. 1, the solid red and short-dashed green lines
denote the decision functions based on F and Fb , respectively.
We can obtain the following information from Fig. 1. (1) Some
samples are misclassiﬁed by these two decision functions; (2) if we
consider the classiﬁcation conﬁdence, the samples are scattered in the
2-D space; otherwise, they are located at four points; (3) there is
signiﬁcant difference between the two classiﬁcation functions. This
difference comes from the second observation. If a sample is misclassiﬁed by both classiﬁers, however, their classiﬁcation losses are
different with respect to the corresponding classiﬁers as their

1. EP-CC: the classiﬁcation conﬁdence is used in learning the
weights of the base classiﬁers as well as in weighted voting.
2. EP-CD: the classiﬁcation decision is used in both learning the
weights of the base classiﬁers and weighted voting.
3. EP-WL-CC: the classiﬁcation conﬁdence is considered in learning
the weights of the base classiﬁers, but not in weighted voting.
4. EP-WV-CC: the classiﬁcation conﬁdence is utilized in weighted
voting, but not in learning the weights of the base classiﬁers.
The relationship between these strategies is described in Fig. 2.
All the above mentioned strategies can be understood in the
framework of the ordered aggregation. Their difference lies in whether
classiﬁcation conﬁdence is utilized in learning the weights of the base
classiﬁers and weighted voting. EP-CC is formulated in Algorithm 1.
Algorithm 1. EP-CC.
Input:
 X ¼ fx1 ; …; xn g: the pruning set;
 Y ¼ fy1 ; …; yn g: the real labels of the pruning set;
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Whether consider classification
confidence in learning the weights of
base classifiers
Yes

No

Whether consider
classification confidence in
the weighted voting
Yes

EP-CC

No

EP-WL-CC

Whether consider
classification confidence in
the weighted voting
Yes

No

EP-WV-CC

EP-CD

Fig. 2. Relationship between EP-CC, EP-CD, EP-WL-CC and EP-WV-CC.

 fh1 ; …; hL g: the set of the candidate base classiﬁers;
 x: a test sample;
Output: the predicted label of x;
1: Apply hj ðj ¼ 1; 2; …; LÞ on X to obtain the classiﬁcation
decision H j ¼ ½y^ 1j ; …; y^ nj  and the corresponding
classiﬁcation conﬁdence Rj ¼ ½r 1j ; …; r nj ;
2: Minimize F to obtain the weight coefﬁcients
wj ðj ¼ 1; 2; …; LÞ for the base classiﬁers;
3: Sort the base classiﬁers as fhs1 ; …; hsL g according to their
weights in the descending order;
4: For j ¼ 1; 2; …; L
5: Classify X using the ﬁrst j classiﬁers fhs1 ; …; hsj g with the
weighted voting based on the classiﬁcation conﬁdence;
6: Compute the classiﬁcation accuracy aj;
7: End for
8: Find Γ ðΓ r LÞ with the maximal accuracy aΓ and select the
ﬁrst Γ classiﬁers fhs1 ; …; hsΓ g as the pruned ensemble.
9: Use fhs1 ; …; hsΓ g to classify x with the weighted voting
based on the classiﬁcation conﬁdence and obtain its
prediction.

It should be noted that the weighted voting based on the
classiﬁcation conﬁdence proposed in Algorithm 1 means that
wj nr xj is computed as the weight of y^ xj . Here, wj is learned as the
second step of Algorithm 1, y^ xj is the classiﬁcation decision of the
sample x by the base classiﬁer hj, and rxj is its corresponding
classiﬁcation conﬁdence.
In the next section, we will show the classiﬁcation performances of these four strategies, explore the role of classiﬁcation
conﬁdence, and present the necessity of pruning.

5. Algorithm analysis
Table 1 summarizes 20 UCI data sets [4] used in this work. Linear
SVM is introduced as the base classiﬁcation algorithm and the cost of
constrain violation is 1. We consider the distance between x and the
hyperplane, dxj, as the classiﬁcation conﬁdence. However it takes
values in ½0; þ 1Þ, which is not suitable for Deﬁnition 2. Thus we
compute the classiﬁcation conﬁdence of x with respect to hj as
r xj ¼ 1=ð1 þexpð  dxj ÞÞ [42]. In this case the ensemble margin based
on the classiﬁcation conﬁdence takes value in the interval [ 1, 1]. For
a multi-class task, a one-against-one method is utilized to transform
the task into multiple two-class tasks. In particular, KðK  1Þ=2 twoclass SVMs are constructed for a K-class classiﬁcation task (K 4 2) and
each SVM is trained on only two out of all K classes. For a given sample
x, every SVM assigns the classiﬁcation conﬁdence rxj to its classiﬁcation decision y^ xj ðj ¼ 1; …; KðK  1Þ=2Þ. Then, the ﬁnal classiﬁcation
decision is the class label that receives the most votes. The ﬁnal

Table 1
Description of 20 classiﬁcation tasks.
Data set

Instances

Features

Classes

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

4177
625
690
366
336
1000
270
155
368
351
96
360
8124
768
6435
2310
4601
569
198
1484

8
4
15
34
7
20
13
19
22
34
7129
90
22
8
36
19
57
30
33
7

3
3
2
6
8
2
2
2
2
2
3
15
2
2
7
7
2
2
2
2

Table 2
Classiﬁcation performances of EP-CC, EP-CD, EP-WL-CC and EP-WV-CC.
Data set

EP-CC

EP-CD

EP-WL-CC

EP-WV-CC

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.917 0.36
89.05 7 0.65
86.617 0.64
98.53 7 0.55
88.017 0.60
74.777 0.41
85.127 0.69
90.45 7 1.49
93.487 0.42
89.417 0.75
83.147 2.06
79.197 0.95
98.727 0.07
78.09 7 0.49
87.08 7 0.08
93.277 0.13
90.85 7 0.11
98.197 0.26
81.98 7 1.93
74.89 7 0.23

55.54 7 0.36 
88.62 7 0.56 
85.3370.35 
97.717 0.48 
87.20 7 0.64 
75.58 7 0.46 ○
84.87 7 0.71 
88.95 7 1.68 
93.05 7 0.68 
88.737 0.85 
81.56 7 2.15 
79.60 7 1.16 ○
98.98 7 0.09 ○
77.7070.44 
87.077 0.12
93.2470.12
90.687 0.13 
97.75 70.22 
80.157 1.97 
74.80 7 0.14

55.59 7 0.19 
88.92 7 0.53
85.717 0.41 
97.98 7 0.46 
87.36 7 0.82 
74.69 7 0.40
84.977 0.62
89.63 7 1.54 
93.54 7 0.47
88.86 7 0.74 
82.05 7 2.01 
79.59 7 0.94 ○
98.717 0.10
77.81 70.41 
87.107 0.08
93.29 7 0.11
90.717 0.12 
97.92 7 0.24 
81.05 7 1.82 
74.85 7 0.17

55.62 7 0.31 
88.87 7 0.60
85.87 7 0.39 
97.92 7 0.51 
87.45 7 0.61 
74.65 70.50
84.95 7 0.63
89.54 7 1.73 
93.23 7 0.71 
88.81 7 0.71 
81.977 2.28 
79.107 1.18
98.75 7 0.08
77.87 7 0.45
87.05 7 0.10
93.247 0.13
90.79 7 0.15
97.83 7 0.25 
80.677 2.06 
74.87 70.19

14–3–3

11–8–1

10–10–0

Win–Tie–Loss

classiﬁcation conﬁdence is the minimum value in the classiﬁcation
conﬁdences whose classiﬁcation decision is the ﬁnal classiﬁcation
decision. In addition, some other learning algorithms can also be used
to train the base classiﬁers as long as an appropriate classiﬁcation
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5 subsets: 4 subsets are used for training the base classiﬁers, optimizing the weights and obtaining the pruned ensemble, 1 for testing. The
average accuracy and the standard deviation over 20 runs are calculated to evaluate the performances of the algorithms. In [18], the

conﬁdence is given. For example, the classiﬁcation conﬁdence of the
decision tree can be calculated as that in [30].
For the experiments in this paper, 20 runs of 5-fold cross validation
are performed. For each trial, the data set is randomly split into
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Fig. 3. Variation of classiﬁcation accuracies with classiﬁcation conﬁdences.
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bootstrapping technique [11] was utilized to train the individual SVM
for ensemble. In this work, we also adopt bootstrapping to train 100
base classiﬁers and the ratio of bootstrap sampling is set as 0.75.
Further, in order to compare EP-CC with the other methods from
the statistical viewpoint, a one-tailed paired t-test was performed
and the signiﬁcance level was set as 0.05. A bullet means that EP-CC
behaves signiﬁcantly better than the corresponding method,
whereas an open circle indicates that EP-CC is signiﬁcantly worse
than the corresponding method. “Win” means that EP-CC performs
signiﬁcantly better than the corresponding method; “Tie” means that
the difference is not signiﬁcant, and “Loss” indicates that EP-CC
behaves signiﬁcantly worse than the corresponding algorithm.
Table 2 summarizes the average generalization accuracies and the
standard deviations for EP-CC, EP-CD, EP-WL-CC, and EP-WV-CC. It
can be seen that EP-CC performs signiﬁcantly better than EP-CD on
14 data sets, worse on 3, and the difference is not signiﬁcant on the
remaining 3 task. Compared to EP-CD, EP-CC utilizes the classiﬁcation conﬁdence in learning the weights of the base classiﬁers and the
weighted voting. Thus, it validates the necessity of the classiﬁcation
Table 3
Classiﬁcation performances of SV, WV and EP-CC.
Data set

EP-CC

SV

WV

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.91 70.36
89.05 7 0.65
86.61 70.64
98.53 7 0.55
88.01 70.60
74.777 0.41
85.127 0.69
90.45 7 1.49
93.487 0.42
89.417 0.75
83.147 2.06
79.197 0.95
98.727 0.07
78.09 7 0.49
87.08 7 0.08
93.277 0.13
90.85 7 0.11
98.197 0.26
81.98 7 1.93
74.89 70.23

54.45 7 0.12 
87.277 0.63 
85.127 0.16 
97.26 7 0.41 
83.58 7 0.44 
73.65 7 0.54 
83.57 70.58 
88.277 0.90 
92.01 70.48 
87.117 0.61 
79.79 7 1.57 
75.82 7 0.99 
98.40 7 0.17 
77.23 7 0.47 
86.707 0.08 
92.687 0.22 
90.03 7 0.16 
97.647 0.27 
77.677 0.88 
74.217 0.18 

55.187 0.37 
87.89 70.82 
85.59 7 0.33 
97.767 0.49 
86.09 7 0.52 
73.78 7 0.56 
83.87 7 0.61 
88.43 7 1.07 
93.05 7 0.53 
88.277 0.69 
80.29 7 1.95 
76.84 71.01 
98.517 0.14 
77.45 7 0.43 
86.78 7 0.11 
92.89 7 0.15 
90.45 7 0.12 
97.79 7 0.22 
80.127 1.82 
74.55 7 0.20 

20–0–0

20–0–0

Win–Tie–Loss

conﬁdence for improving the generalization performance. Moreover,
EP-CC is better than EP-WL-CC and EP-WV-CC. Thus, it can be
concluded that the classiﬁcation conﬁdence should be used in both
learning the weights of the base classiﬁers and the weighted voting.
Both of them aid in improving the generalization performance.
We consider the classiﬁcation conﬁdence in learning the weights
of base classiﬁers due to the assumption that the classiﬁcation
conﬁdence is relevant with the classiﬁcation performance. Now we
use four data sets to show their statistical relation. Fig. 3 shows the
variation of classiﬁcation accuracies with the classiﬁcation conﬁdences, where the x-axis represents the classiﬁcation conﬁdence and
the y-axis gives the classiﬁcation accuracy. In the experiment, we
compute the classiﬁcation conﬁdences of all the test samples in terms
of one hundred base classiﬁers. Then we equally divide the interval
between the minimal conﬁdence and the maximal conﬁdence into
200 bins, and compute the classiﬁcation accuracy of the samples
located in each bin with respect to the corresponding base classiﬁers.
From Fig. 3, we see that statistically the classiﬁcation accuracy
rises if the conﬁdence increases for all the four classiﬁcation tasks.
This results empirically validate the conclusion in [35].
In the pruning process of EP-CC, the base classiﬁers are sequentially added into a pool according to their weights. Fig. 4 shows the
variation of the classiﬁcation accuracy on the pruning set in this
process, where the x-axis represents the number of the fused classiﬁers and the y-axis represents the classiﬁcation accuracies of the
ensembles with weighted voting. We see that the classiﬁcation
accuracies rise initially and then drop slowly. It shows that fusion
with part of the classiﬁers can obtain better performance. Finally the
subset of base classiﬁers producing the best performance are selected.
Then, we need to identify whether the obtained ensemble still
performs better than combining all the base classiﬁers with weighted
voting (WV) in the test set. We conduct some experiments to answer
this question. For comparison, the classiﬁcation performance of simple
voting with all base classiﬁers (SV) is also given. Table 3 lists the
results of EP-CC, SV, and WV. It is easy to see that the proposed
weighted voting strategy is better than simple voting when all the
base classiﬁers are combined. Moreover, pruning can boost the generalization performance further.
Finally, the classiﬁcation performances of the ensembles with ﬁxed
ratios of the base classiﬁers in the test set are listed in Table 4. In this
experiment, the base classiﬁers are ordered according to their weights,
and then, the ensembles of the ﬁrst 5%; 10%; 20%; 40%; 60%, and
100% of the base classiﬁers are evaluated. The bold accuracy is the

Table 4
Classiﬁcation performances of ensembles with ﬁxed ratios of base classiﬁers.
Data set

r ¼5%

r ¼ 10%

r¼ 20%

r ¼40%

r ¼ 60%

r ¼100%

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.59 70.31
88.09 70.64
85.72 70.52
97.62 7 0.43
86.837 0.72
73.687 0.86
83.81 7 0.72
88.36 7 1.77
92.81 7 0.59
88.217 0.76
81.43 7 1.94
76.56 7 1.28
98.59 7 0.12
77.23 7 0.45
86.85 7 0.14
93.00 7 0.15
90.60 7 0.10
97.767 0.32
80.25 71.83
74.687 0.21

55.46 70.36
87.917 0.58
85.98 70.33
97.86 7 0.46
86.377 0.51
73.88 7 0.47
84.08 7 0.59
88.617 1.57
93.017 0.44
88.53 7 0.73
81.05 7 2.04
77.23 71.42
98.62 7 0.11
77.31 70.42
86.87 70.09
93.137 0.14
90.62 7 0.13
97.85 7 0.35
80.067 1.79
74.677 0.17

55.42 7 0.31
87.87 7 0.64
86.037 0.29
97.65 70.45
86.317 0.49
73.93 7 0.55
83.86 7 0.65
88.29 7 1.26
93.03 7 0.43
88.41 70.71
80.39 7 2.02
77.357 1.40
98.56 7 0.15
77.39 7 0.37
86.887 0.09
93.0770.14
90.53 7 0.11
97.81 70.33
80.197 1.73
74.62 7 0.17

55.29 7 0.34
87.83 7 0.70
85.767 0.34
97.78 7 0.47
86.20 7 0.43
73.87 70.58
83.99 7 0.71
88.52 7 1.21
93.017 0.59
88.317 0.67
80.45 7 2.09
77.00 7 1.02
98.54 7 0.10
77.43 70.41
86.84 7 0.11
93.017 0.16
90.51 7 0.15
97.75 7 0.21
80.02 7 1.65
74.58 70.18

55.19 70.39
87.86 70.73
85.577 0.31
97.71 70.42
86.16 70.39
73.79 7 0.62
83.95 7 0.73
88.45 7 1.16
92.98 7 0.56
88.43 7 0.64
80.31 72.12
77.02 7 1.08
98.53 7 0.14
77.42 7 0.39
86.81 7 0.11
92.99 7 0.15
90.47 70.15
97.79 7 0.24
80.09 7 1.76
74.577 0.15

55.187 0.37
87.89 7 0.82
85.59 7 0.33
97.767 0.49
86.09 7 0.52
73.78 70.56
83.87 7 0.61
88.43 7 1.07
93.057 0.53
88.27 70.69
80.29 7 1.95
76.84 7 1.01
98.51 7 0.14
77.45 7 0.43
86.78 7 0.11
92.89 7 0.15
90.45 7 0.12
97.79 7 0.22
80.12 71.82
74.55 70.20
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highest one. From Table 4, we see that the ensembles of the ﬁrst 5%
and 10% achieve the highest accuracy on six and eight data sets,
respectively. However, the systems with the ﬁrst 20%; 40%, and 100%
of the candidate base classiﬁers only achieve the highest accuracy on
four, one, and one sets, respectively. These results indicate that most of
the candidate base classiﬁers should be removed.

6. Empirical comparison and analysis
In this section, we present the experiments for comparing the
performances of EP-CC and some other related algorithms. We
compare EP-CC with a single classiﬁer and some classical ordered
aggregation pruning algorithms, including EPIC [23], the improved
version of MDM [25] and CM [26].
The experimental settings are described in Section 5 and 20
runs of 5-fold cross validation are performed. For EPIC, MDM and
CM, we use their default parameters to sort the base classiﬁers and
then the sub-ensemble with the best performance in the pruning
set is selected as the ﬁnal system. Table 5 summarizes the average
generalization accuracy of each algorithm. A one-tailed paired ttest was performed to compare EP-CC with the other methods. The
signiﬁcance level was set as 0.05. From Table 5, we see that EP-CC
performs signiﬁcantly better than a single SVM classiﬁer on all
classiﬁcation tasks. Compared to EPIC, the statistically signiﬁcant
difference is favorable in 18 tasks over 20, and not signiﬁcant in
2 sets. Meanwhile, EP-CC outperforms MDM and CM in most of the
cases. It validates the effectiveness of the proposed method.
We also summarize the average number of the base classiﬁers
selected by different pruning methods in Table 6. The number in
bold is the largest one. We can see that EPIC selects the most base
classiﬁers on 17 data sets. It appears that EPIC tends to select more
base classiﬁers than the other methods.
We want to know why EP-CC can boost the generalization
performance compared with the other pruning methods. In what
follows, we explore this question.
The fusion strategy used by EP-CC is different from that used by
the other pruning methods. EPIC, MDM, and CM use the simple
voting to combine the selected base classiﬁers, whereas EP-CC uses
the weighted voting based on the classiﬁcation conﬁdence. Thus, we
wonder whether this fusion strategy is beneﬁcial to the classiﬁcation
performance of EP-CC. In order to elucidate it, we compare the
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generalization accuracies of EP-CC and those derived from EP-SV,
which uses simple voting to combine the base classiﬁers selected by
EP-CC. The results are given in Table 7. It is easy to see that EP-CC
performs signiﬁcantly better than EP-SV on 16 classiﬁcation tasks.
EP-CC produces the better performances on the other 4 tasks, but the
difference is not signiﬁcant. These results indicate that the weighted
voting based on the classiﬁcation conﬁdence is one factor that aids
EP-CC for improving the generalization performance.
However, compared to the other pruning methods, EP-SV generally performs better. Thus, it indicates that other factors should also
be considered. It is well known, the accuracies of single base
classiﬁers and their diversity are two important factors for evaluating
the ensemble performance [19]. Thus, some experiments were
conducted to explore these base classiﬁers selected by EP-CC and
the other pruning methods.
First, we explore the generalization performance of the single
base classiﬁer selected by EP-CC. In the EP-CC algorithm, the base
classiﬁers are sorted based on their weights and those with
large weights are selected to compose the pruned ensemble. Then,

Table 6
Number of selected base classiﬁers with different pruning methods.
Data set

EP-CC

EPIC

MDM

CM

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

5.18
12.75
24.39
3.97
3.56
10.22
5.01
5.71
7.38
7.81
4.19
12.20
8.27
7.52
10.22
7.64
4.63
3.89
4.93
4.12

6.16
50.27
4.01
7.07
7.95
15.67
5.48
7.37
10.54
10.15
3.01
17.75
25.12
14.13
11.92
12.06
5.30
4.65
6.32
4.34

3.14
26.28
3.22
4.64
3.18
4.92
2.94
3.27
5.18
4.40
4.25
20.91
8.40
3.48
5.54
4.15
4.03
3.75
4.12
3.01

3.35
23.03
3.02
5.09
4.26
5.30
3.88
3.52
4.80
3.57
5.03
16.55
10.03
2.97
6.62
4.31
4.25
4.02
5.03
4.16

Table 5
Classiﬁcation performances of SVM and ensemble pruning techniques.
Data set

EP-CC

SVM

EPIC

MDM

CM

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.917 0.36
89.05 70.65
86.617 0.64
98.53 70.55
88.017 0.60
74.777 0.41
85.127 0.69
90.45 71.49
93.487 0.42
89.417 0.75
83.14 7 2.06
79.19 7 0.95
98.727 0.07
78.09 70.49
87.08 7 0.08
93.277 0.13
90.85 70.11
98.19 7 0.26
81.98 7 1.93
74.89 7 0.23

54.46 7 0.15 
87.647 0.28 
85.0770.12 
97.137 0.41 
83.40 7 0.52 
73.68 70.46 
83.487 0.56 
86.63 7 0.81 
91.98 70.56 
86.62 7 0.67 
80.107 1.59 
73.05 7 0.82 
98.317 0.16 
77.38 7 0.50 
86.717 0.11 
91.60 70.17 
90.047 0.11 
97.59 70.25 
76.60 7 0.97 
74.30 7 0.17 

55.067 0.44 
88.00 70.44 
85.25 7 0.36 
97.34 7 0.43 
86.00 70.80 
73.96 70.52 
84.167 1.08 
87.977 1.96 
92.20 7 0.65 
87.65 7 1.01 
81.09 7 1.72 
77.46 7 0.97 
98.767 0.07
76.85 7 0.36 
86.83 7 0.15 
93.067 0.16 
90.26 7 0.16 
97.717 0.32 
79.147 1.80 
74.717 0.20

55.12 70.40 
87.75 7 0.74 
85.22 7 0.28 
97.377 0.59 
86.157 0.55 
73.18 70.55 
83.96 7 0.97 
87.82 7 2.06 
92.23 7 0.73 
87.29 7 0.60 
80.72 71.44 
76.94 7 0.89 
98.83 7 0.09 ○
76.96 7 0.52 
86.917 0.12 
92.88 7 0.19 
90.187 0.23 
97.53 7 0.30 
78.84 7 1.98 
74.86 70.15

55.147 0.39 
87.96 7 0.63 
85.197 0.33 
97.46 7 0.39 
86.247 0.78 
73.337 0.64 
84.017 1.08 
86.54 7 2.25 
92.337 0.77 
87.187 0.90 
80.477 1.45 
77.23 7 1.31 
98.80 7 0.10 ○
77.077 0.53 
86.82 7 0.14 
92.92 7 0.15 
90.377 0.17 
97.56 7 0.34 
78.52 7 1.42 
74.66 70.15 

20–0–0

18–2–0

18–1–1

19–0–1

Win–Tie–Loss

3128

L. Li et al. / Pattern Recognition 47 (2014) 3120–3131

Algorithm 1. Seen from Fig. 5, a large weight does not imply the high
generalization accuracy for a base classiﬁer. There is no signiﬁcant
relation between classiﬁcation accuracies and the weights.
Furthermore, Table 8 summarizes the average accuracies of the
base classiﬁers selected by EP-CC and the other pruning methods
in the test set. We can see that the base classiﬁers selected by EPCC tend to be more accurate than those selected by the other
pruning methods; however, the difference is not signiﬁcant. From
Fig. 5 and Table 8, we know that EP-CC does not always select the
classiﬁers with the high generalization accuracy and the diversity
among these base classiﬁers also affects the performance of the
ensembles.

we need to identify whether large weight of base classiﬁer means
better generalization performance. In other words, we want to know
whether the pruned ensembles produce good performance because
the selected base classiﬁers are more accurate than the reduced.
Fig. 5 shows the relationship between the classiﬁcation accuracies
and the weights of the base classiﬁers in the test set. The x-axis
represents the ranking of the weights of the base classiﬁers and the
y-axis represents its corresponding classiﬁcation accuracy. On the xaxis, “1” means that the weight of the base classiﬁer is the smallest
and “100” means that the weight of the corresponding base classiﬁer
is the largest. These weights are learned in the second step of

Table 7
Fusion of base classiﬁers with different strategies.
Table 8
Average accuracies of classiﬁers selected by different pruning methods.

Data set

EP-CC

EP-SV

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.917 0.36
89.05 7 0.65
86.617 0.64
98.53 7 0.55
88.017 0.60
74.777 0.41
85.127 0.69
90.45 7 1.49
93.487 0.42
89.41 70.75
83.147 2.06
79.197 0.95
98.727 0.07
78.09 7 0.49
87.08 7 0.08
93.277 0.13
90.85 7 0.11
98.197 0.26
81.98 7 1.93
74.89 7 0.23

55.417 0.28 
88.29 7 0.53 
85.64 70.31 
97.85 7 0.41 
86.93 7 0.89 
74.30 7 0.35 
84.76 70.74 
88.56 7 1.65 
93.28 7 0.69 
88.63 7 0.81 
81.52 71.79 
78.06 71.05 
98.677 0.11
77.63 7 0.51 
87.02 70.11
93.23 7 0.12
90.69 7 0.11 
97.94 7 0.21 
80.46 7 1.67 
74.78 7 0.19

Win–Tie–Loss

16–4–0

Data set

EP-CC

EPIC

MDM

CM

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.33
87.83
85.57
97.67
85.78
73.64
83.96
87.14
92.17
87.79
81.51
72.37
98.31
77.05
86.73
92.75
90.46
97.63
79.51
74.75

55.16
87.67
85.22
97.09
85.64
73.17
82.51
85.69
91.42
86.97
81.10
71.19
98.34
76.51
86.65
92.55
90.41
97.28
78.33
74.56

55.03
87.73
85.23
97.33
85.75
73.05
83.26
85.67
91.91
87.12
80.68
70.32
98.28
76.98
86.64
92.83
90.30
97.49
78.14
74.65

55.06
87.64
85.19
97.28
85.81
73.21
83.44
85.79
91.96
87.18
80.77
71.12
98.33
76.89
86.63
92.82
90.26
97.42
78.01
74.64

hepatitis

heart
0.87

0.92
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Fig. 5. Variation of classiﬁcation accuracies with the ranking of the base classiﬁers weights.
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Margin distribution is deemed as an important factor for the generalization performance of ensemble learning. In [36,43], the relationship between the generalization performance and the margin distribution was derived. It indicates that good margin distribution results
in a low generalization error. A good margin distribution refers to the
fraction of the samples with a small margin is small and most samples
have large margins. The detailed information can be obtained in
[36,43]. In fact, the diversity and the margin are closely related. In
2006, Tang et al. proved that if the average classiﬁcation accuracy was
set as a constant and the maximum diversity was achievable,
maximizing the diversity among the base classiﬁers was equivalent
to maximizing the minimum margin of the ensemble [38]. We now
identify if compared to the other pruning methods, EP-CC improves
the margin distribution.
Fig. 6 presents the margin distribution of the ensembles generated
by EP-CC, EPIC, MDM, and CM in the test set, where the x-axis
represents the value of the margin and the y-axis represents the
fraction of the samples whose margin is not less than the corresponding margin. The small plots inside each graph are used to clearly show
the margin distribution in the interval [ 1, 0]. We can see that,
compared with the other pruning methods, EP-CC improves the
margin distribution, which explains why EP-CC achieves a better
classiﬁcation performance than the other techniques.
In the above experiments, the sub-ensemble with the best
performance in the pruning set is selected as the ﬁnal system.
Then, how about their classiﬁcation performances with the ﬁxed
ratios of the base classiﬁers? Some experiments were conducted to
answer this question. In these experiments, the base classiﬁers are
ordered according to the pruning techniques and the ensembles of
the ﬁrst 20% of the original base classiﬁers are evaluated, respectively. The generalization accuracies and the standard deviations
are shown in Table 10. It can be seen that EP-CC performs signiﬁcantly better than EPIC on 13 data sets, and the difference is
not signiﬁcant on the remained 7 sets. Compared with MDM, the
statistically signiﬁcant difference is favorable on 17 data sets,

We use KW to measure the diversity among the base classiﬁers
[20]. KW is a symmetrical measurement, computed as
KW ¼

1 N
∑ ϕðxi ÞðL  ϕðxi ÞÞ;
nL2 i ¼ 1

ð15Þ

where ϕðxi Þ denotes the number of classiﬁers which misclassify xi.
From Eq. (15), we see that if KW is large, the diversity among the
base classiﬁers is high. Table 9 presents the KW values of the base
classiﬁers selected by EP-CC and the other pruning methods in the test
set. It can be seen that EP-CC achieves the largest diversity on 14 data
sets, whereas EPIC and MDM achieve the highest diversity on 3,
respectively.
Table 9
KW values computed with base classiﬁers selected by EP-CC, EPIC, MDM and CM.
Data set

EP-CC

EPIC

MDM

CM

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

0.0356
0.0142
0.0073
0.0085
0.0212
0.0377
0.0279
0.0381
0.0211
0.0281
0.0131
0.0890
0.0052
0.0219
0.0126
0.0117
0.0055
0.0049
0.0281
0.0027

0.0220
0.0136
0.0036
0.0068
0.0141
0.0469
0.0247
0.0366
0.0200
0.0240
0.0075
0.0892
0.0058
0.0228
0.0119
0.0104
0.0040
0.0034
0.0248
0.0040

0.0159
0.0158
0.0010
0.0030
0.0066
0.0156
0.0051
0.0187
0.0076
0.0084
0.0121
0.0968
0.0067
0.0054
0.0062
0.0015
0.0028
0.0007
0.0173
0.0007

0.0185
0.0148
0.0006
0.0032
0.0144
0.0113
0.0084
0.0177
0.0082
0.0082
0.0119
0.0910
0.0061
0.0062
0.0089
0.0025
0.0050
0.0013
0.0219
0.0013

heart

hepatitis
EP−CC
EPIC
MDM
CM

cumulative frequency

0.7

0.2

0.8

0.1

0.6
0.5

0

0.4

−1

−0.5

EP−CC
EPIC
MDM
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0.9
cumulative frequency

0.9
0.8

0

0.3
0.2

0.7

0.2
0.1

0.6
0.5

0

0.4

−1

−0.5

0.2

0

0

−0.1
−1

−0.1
−1

−0.5

0

0.5

1
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Fig. 6. Margin cumulative frequency based on EP-CC, EPIC, MDM and CM.
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Table 10
Classiﬁcation performances of different pruning methods for ensembles of 20%
classiﬁers.
Data set

EP-CC(20%)

EPIC(20%)

MDM(20%)

CM(20%)

abalone
balancescale
crx
derm
ecoli
german
heart
hepatitis
horse
iono
lung cancer
movement
mushroom
pima
satellite
segmentation
spam
wdbc
wpbc
yeast

55.42 7 0.31
87.87 7 0.64
86.03 7 0.29
97.65 70.45
86.317 0.49
73.93 7 0.55
83.86 7 0.65
88.29 7 1.26
93.03 7 0.43
88.417 0.71
80.39 7 2.02
77.3571.40
98.56 7 0.15
77.39 7 0.37
86.88 7 0.09
93.0770.14
90.53 7 0.11
97.81 70.33
80.197 1.73
74.62 7 0.17

54.99 7 0.29 
87.85 70.17
85.49 70.15 
97.28 7 0.32 
85.59 7 0.40 
73.667 0.59 
83.707 0.52
87.017 1.34 
92.29 7 0.53 
87.62 70.38 
80.377 1.92
77.05 7 1.43
98.48 70.16
76.81 70.38 
86.83 7 0.11
93.017 0.21
90.377 0.08 
97.55 7 0.22 
79.09 7 1.72 
74.417 0.26 

54.767 0.23 
87.82 7 0.50
85.63 7 0.14 
97.41 70.26
85.29 7 1.00 
73.61 7 0.46 
83.617 0.60 
87.077 1.15 
92.317 0.59 
87.477 0.54 
79.3371.45 
76.917 1.07 
98.647 0.09 ○
76.93 7 0.27 
86.767 0.11 
92.667 0.18 
90.157 0.17 
97.42 70.25 
78.737 1.26 
74.26 7 0.21 

54.75 7 0.19 
87.79 70.37
85.64 70.12 
97.39 7 0.34
84.517 0.92 
73.56 7 0.43 
83.54 7 0.72 
86.63 7 1.62 
92.357 0.65 
87.41 70.59 
79.59 7 1.53
77.02 7 1.21
98.357 0.16 
77.017 0.31 
86.81 7 0.12
92.69 7 0.23 
90.26 7 0.12 
97.45 7 0.29 
78.417 1.67 
74.137 0.21 

13–7–0

17–2–1

15–5–0

Win–Tie–Loss

unfavorable in 1, and is not signiﬁcant in 2. Meanwhile, EP-CC also
performs better than CM in most of the data sets.

7. Conclusions and future work
In this work, we explore the role of the classiﬁcation conﬁdence
in ensemble learning. A generalized deﬁnition of the ensemble
margin is proposed based on the classiﬁcation conﬁdence and the
weights of the base classiﬁers are learned through optimizing a
margin induced loss function. Then, we try several strategies to
utilize the weights and the classiﬁcation conﬁdences. Some new
ensemble pruning and fusion strategies are developed. Extensive
experiments are conducted to test the proposed techniques. Some
conclusions can be drawn from the study.
(1) The classiﬁcation conﬁdence should be used in learning the
weights of the base classiﬁers and weighted voting for improving
the classiﬁcation performance.
(2) The proposed weighted voting technique is better than
simple voting if all the base classiﬁers are included in the ﬁnal
fusion.
(3) Pruning via the ordered aggregation can improve the performance of the weighted voting technique further. Moreover, it is
better to combine the base classiﬁers selected by EP-CC with the
proposed weighted voting strategy than to combine them with
simple voting.
In this work, although the good generalization performance is
obtained by considering the classiﬁcation conﬁdence in ensemble
optimization, there are still some questions to be answered. Does
there exist relationship between the generalization performance of
the voting system and the margin based on the classiﬁcation conﬁdence? How do we design an appropriate criterion to combine the
heterogeneous base classiﬁers if they are derived with different
learning algorithms. We will work on these problems in the future.
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