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not make the classification any easier. In this case,
especially in bagging, the regions of misclassification
are similar, which does not generate a fine ensemble
with diversity.
Second, even though the distribution of data differs
in each region, it cannot tell whether the ensemble
yields high accuracy over that specific area. For
instance, in case of boosting, since preceding classifier
weights on misclassified instances, it is learned to
classify the region the preceding classifier missed. But
when it tries to classify a new instance, it cannot tell
where the region in which the instance lies is. If the
specific instances on which each classifier is good at
classifying is known, it is expected to improve the
accuracy of classification.

Abstract
In machine learning, ensemble classifiers have been
introduced for more accurate pattern classification
than single classifiers. We propose a new ensemble
learning method that employs a set of region based
classifiers. Since the distribution of data can be
different in different regions in the feature space, we
split the data and generate classifiers based on each
region and apply a weighted voting among the
classifiers. We used 11 data sets from the UCI Machine
Learning Repository to compare the performance of
our new ensemble method with that of individual
classifiers as well as other ensemble methods such as
bagging and boosting. As a result, we found that our
method improve performance, particularly when the
base learner is Naïve Bayes or SVM.

2. The relationship between ensembles and
base learner

1. Introduction

When a minor change of training data causes a major
change of classifier created from learning algorithm, it
is said that the algorithm is unstable [4]. For example,
the algorithm used for creating a decision tree such as
C4.5 may cause a major change of the tree for change
of data. Such unstable algorithms are known to have
high variance [3].
Although ensemble learning is independent of the
base learner, generally ensemble learning such as
bagging or boosting works well with unstable
algorithms. Breiman suggested that bagging improves
performance of these unstable classifiers [4].
Meantime, Breiman argued that bagging and boosting
do not show any remarkable improvement in Naïve
Bayes or in a stable algorithm based on the linear
discriminant analysis [3]. Dietterich also recommended
boosting in an algorithm creating less expressive
hypothesis including decision trees [8]. So many of the
previous approaches to ensemble learning have been
focused on the ensemble of decision trees [1,6,12,19].
The reason why the ensemble of unstable learning
algorithms works well is related to the diversity in that

Ensemble learning in the supervised learning is not
to find the very best one hypothesis for explaining
given training data but to create a set of hypotheses and
predict the class of new data by combining the set of
hypotheses like majority voting [7].
These ensemble classifiers often have been
experimentally shown to be more effective than single
classifiers [1,6,16]. The two conditions for an ensemble
classifier to have higher accuracy than a single
classifier is that each classifier should render more
accurate classification than random prediction and have
errors in different regions in the input space [13].
The most widely known methods of ensemble
learning are bagging [4] and boosting [10]. Bagging
and boosting may have two controversial points as
follows: First, when a base learner shows poor
performance on a set of data, even re-sampling might

† This work was supported by grant No. R01-2004-000-10689-0
from the Basic Research Program of the Korea Science &
Engineering Foundation

0-7695-2983-6/07 $25.00 © 2007 IEEE
DOI 10.1109/CIT.2007.74

41

consideration are iteratively split as learning progresses,
and corresponding classifiers are generated using the
patterns in each region. The detailed learning process
of RBE for a sample data set is illustrated in Figure 2
and classification by the ensemble classifier is shown
in Figure 3.

each classifier should have errors in different areas of
the input space [13]. This diversity is one of the major
properties of ensemble learning, and there have been
many studies on the relation between the diversity and
the efficiency of an ensemble [7,13,15].
While there has been a study of ensemble learning
(of bagging and boosting) with a stable learning
algorithm, support vector machines (SVM), with
improved performance, it was applied to only a small
number of data sets compared to ensembles of
decision trees or neural networks [14,21]. And another
study demonstrated the negative effect of the SVMbased ensemble [5,9]. The significant fact is that
generating an ensemble with stable base learning
algorithms has been found less efficient than
generating the ensemble with unstable algorithms.
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We propose an ensemble learning method
represented as a tree in which each node corresponds to
a base classifier that takes care of a particular region in
the feature space (Figure 1). We consider two
possibilities of using the ensemble in classification.
First, only the leaf nodes (classifiers) in the tree are
used. We call this a region based classifier (RBC). In
RBC, only one classifier (among the leaf nodes) that is
in charge of the region where the test instances lie is
used for classification. Second, an ensemble of nodes
in a specific path of the tree is used. We call these
ensembles of region based classifiers (RBE). In RBE,
an instance is classified by voting of classifiers whose
regions include the instance.

Classifier 1,2,4

Classifier 1,2,5

Figure 3. The classification by RBE
As shown in Figure 2, classifier C1 (represented as
“Classifier 1” in Figure 2) is constructed by training the
entire data D1 by the selected learning algorithm. Then
the training data is divided into two regions containing
the nearly same number of instances. This is to avoid
generating imbalanced regions that might cause an
inefficient ensemble. To divide the data in nearly half,
we compute the information gain [18] of each feature
in regard to the division. We then choose the feature
with the maximum information gain, expecting this
would induce subsets of data (corresponding to the
newly generated regions) easier to classify. By the
repetition of this process in the divided data the
classifiers C2, C3 are generated. This can be

3.1. Algorithm
RBE generates a series of classifiers that correspond
to regions in the feature space. The regions under
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implemented by recursive calls. We generated 7
classifiers (C1, … , C7) by going through the 3 regional
splitting steps. When a test pattern is applied to the
ensemble of the classifiers, it votes among the
classifiers that include the test pattern in their region. In
other words, a pattern is classified by the classifiers in
a path of the tree each of which is in charge of the
region that includes the test pattern. In case of a tie, the
final decision is made by the leaf node in the path since
it is the most accurate classifier (as proven by Theorem
1 in Section 3.2).

express. If it does, by the given condition it comes to
choose the hypothesis having e01 which is more
accurate rather than choosing the hypothesis having e1
which allows e01 < e1 to be true. Therefore it has come
to choose the hypothesis having e1 which is no better
than a hypothesis among H01.
Hereby, it has been proved that hypotheses
belonging to H01 do not exist in that hypothesis space.
However, it is a contradiction because L found h0
belonging to H01 when D0 is given. Likewise, it also
can be proved that e02 < e2 is false. Consequently
e01 < e1 and e02 < e2 are both proved to be false.
Therefore e01 ≥ e1 ∧ e02 ≥ e2 is proved.
■
Table 1 is the results of the experiment for getting
the actual application of Theorem 1. The learning
algorithms tend to have a higher accuracy upon the
training data in most data sets as it goes downwards.
Exceptional cases are written in boldface. We think
that these cases can’t satisfy the Condition for Theorem
1. The experiment has been conducted with SMO [17]
as the base learner. While SVM is known to meet the
condition in Theorem 1, SVM takes too much time and
therefore SMO, the approximately implemented one,
was actually used.

3.2. Analysis of RBE
Splitting the data in RBE has the following two
significant aspects. First, as it goes on to split the data,
the classifier becomes more accurate. Second, the
classifiers learned from the data before the splitting can
supplement the classifiers learned after the splitting.
This is not only an advantage by going through the
splitting but also the basis for practicing ensemble
learning. The first issue is to be dealt with first.
In learning of RBE, going through the splitting
simplifies the class distribution of the data and this can
be led to an expectation that it will be easier to classify
as it goes downwards to the leaf node. Therefore it can
be anticipated that the classifiers of children nodes will
have apparently less errors upon the training data than
those of parent nodes do. This is to be presented and
proved by Theorem 1.
Theorem 1] Assume that given training data Di, the
hypothesis produced by a learning algorithm L is hi.
And assume that for data D0 and split data D1, D2 by
halving D0 based on a feature, hypotheses h0, h1, h2 are
produced by L, respectively. If the number of errors of
h0, h1, h2 upon individual training data are e0, e1, e2
respectively, e0 ≥ e1+ e2.
Condition] The learning algorithm L chooses the
hypothesis which has the least number of errors upon
the data from the hypothesis space it can represent.
Proof] When h0 creates e01 in D1 and e02 in D2, it is
clearly e0 = e01+ e02. In order to prove e0 ≥ e1+ e2, it is
sufficient to prove e01 ≥ e1 ∧ e02 ≥ e2.
In the hypothesis space the given learning algorithm
L can express, the set of hypotheses generating the
same value as the result h0 has upon D1 can be defined
as H01. And h0 ∈ H01 is proved; because the hypotheses
in H01 can have any result value upon D2 as long as it
has the same result value as h0 has upon D1. That is, it
demonstrates that it has e01 because every hypothesis
included in H01 has the same result value as h0 has upon
D1.
Now, suppose e01 < e1 is true. Then, by the
supposition, H01 which has e01 upon D1 does not belong
to the hypothesis space the learning algorithm L can

Table 1. Training accuracy of SMO with
linear kernel for each splitting level
Data Set
XOR shape
Balance-Scale
Glass
Ionosphere
Iris
Pima
SatImage
Segement
Spambase
Vehicle
Waveform
Wdbc

Level 1
54.00
87.68
60.75
91.45
96.67
77.44
87.49
92.47
90.76
76.24
87.68
98.24

Level 2
70.00
89.76
68.22
92.88
97.33
77.71
87.64
93.27
91.28
79.55
87.80
97.89

Level3
72.00
89.44
69.16
92.31
98.67
75.49
88.82
94.47
92.46
84.16
87.90
97.72

Now, the second issue needs to be addressed. In
RBE, it is easier to classify as it goes downwards to the
lower nodes because as it goes through the splitting the
class distribution of the data becomes simplified.
Therefore, as proved in Theorem 1, it is obvious that
classifiers in the leaf nodes have fewer errors upon
training data than the classifiers in the upper nodes do
and that is proved by the results from most
experiments. According to these results it is expected
that deciding the class only with the classifiers in the
leaf nodes will be more efficient when the pattern
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needed to be classified belongs to a specific area.
Nevertheless the issue that the classifiers in the upper
nodes supplement the classifiers in the lower nodes will
be approached from the following two points of view.
First, even though the classifiers in the lower nodes
have less errors upon the training data, not all the
instances that are correctly classified by the classifiers
in the upper nodes are always correctly classified by
the classifiers in the lower nodes as well. This is related
to the diversity that each classifier has errors in
different parts of the feature space. This is formally
represented and summarized in Theorem 2.
Theorem 2] Assume that hi is the hypothesis obtained
from a given data Di with a learning algorithm L. And
assume that for data D0 = {… , (Xj , yj), …}, (j = 1, … ,
m) and split data D1, D2 by halving D0 based on a
feature, hypotheses h0, h1, h2 are produced by L,
respectively. Then, for every Xj such that Xj ∈ D0,
h0(Xj) = yj, (j = 1, … , m), it is not always true that for
Xj ∈ D1, h1(Xj) = yj and for Xj ∈ D2, h2(Xj) = yj.

relies not on the distribution of the whole data but only
on the regionally split area.
It is the classifiers in the upper nodes that prevent
this in RBE. Such classifiers can lower the risk of overfitting because they are not specialized to only a
limited region, but they are generated in a bid to reflect
the entire distribution of data.
In Section 1, we suggested that there should be
diversity among classifiers generated from base learner
[13]. From this point of view the learning of RBE
guarantees the diversity between the classifiers. This
connects up the second issue that the classifiers in the
upper nodes supplement the classifiers in the lower
nodes. Because RBE only deals with a region of the
split data, each classifier learns different data. So, even
though the learning algorithm creates a stable classifier
with low variance, it can generate the classifier with
relatively higher variance than other ensemble methods.
This is because data created in RBE learning are
largely different from one another, and thus the
diversity is anticipated.
On the other hand, the classifier learned in this way
might suffer from low generalization since it is trained
only with partial data. However, the accuracy of the
classifier also can be expected to be high because each
classifier in RBE are specialists in its territory (i.e.
classifies patterns in each region well). This is again
connected to the first issue that as the splitting process
goes on the accuracy of the classifier improves.

Attribute 2

Level 2
“Post-split” Data
: 72% Accuracy

4. Experiments
Level 1
“Pre-split” Data
: 60% Accuracy

4.1. Experimental Setup
In order to verify RBE to be a method which
operates independently of the learning algorithm, we
used Naïve Bayes, the decision tree by C4.5 [20], and
SMO [17] with linear kernel algorithms as a base
learner. 11 data sets from the UCI Machine Learning
Repository [2] were used in our experiments.
In order to compare the performance of RBE, single
classifier of base learner used for generating RBE,
ensemble classifier with 7 classifiers generated by
Adaboost.M1 [11], an algorithm embodied boosting,
ensemble classifier with 7 classifiers generated by the
bagging method, and RBC (mentioned in the Section 3)
are compared in terms of classification accuracy. For
fair comparison boosting and bagging also generated 7
classifiers because we generated 7 classifiers by
learning RBE and splitting the data into three levels.
Weka3 [22], open data mining software, is used for the
base learning algorithms and our own programs are
added for other ensemble methods.

Attribute 1

Figure 4. The decision boundary by Naïve
Bayes in the upper node and lower nodes
Proof] Figure 4 is about the data following XOR shape
in Table 1, which satisfies Theorem 1. This shows that
there are certain instances which Naïve Bayes
classifiers after the splitting are not able to classify
while the classifier before the splitting classifies
correctly. (The instances are marked by a circle.)
■
Second, even though it has high fitting upon the
training data when this is classified with the classifiers
in leaf nodes, it does not guarantee high efficiency
when a new data pattern enters. That is because there
can be difficulties in generating classifiers due to the
lack of training data and the possibility of over-fitting.
Over-fitting, a frequently presented problem in the field
of machine learning, means it excessively fits into the
training data and thus incurs poor generalization
capability. It can be caused by the classifier which
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Table 2. The accuracy comparison of RBE and other methods (Naïve Bayes Classifier)
D a ta se t
B A LA N C E - S C A LE
G LA S S
IO N O S P H E R E
IR IS
P IM A
S A T IM A G E
SEG M EN T
SPAM B ASE
V E H IC LE
W A VE FO R M
W DBC

NB

vs R B E

8 9.92

8 8 .6 3

8 9 .76

A d a - 7 vs R B E
8 8 .63

8 9 .6 0

B a g g in g vs R B E
88 .63

8 8.0 0

RBC

vs R B E
8 8 .6 3

4 7 .45

5 6 .3 2 O

47 .92

5 6.32 O

4 8 .8 5

5 6 .32 O

61 .0 6

5 6 .3 2 X

8 2 .91

8 9 .7 5 O

9 1 .76

8 9 .75 X

8 2 .9 1

8 9 .75 O

8 9.2 1

8 9 .7 5

9 6 .00

9 6 .6 7

96 .67

9 6 .67

9 5 .3 3

9 6 .67

9 5.3 3

9 6 .6 7

7 5 .62
7 9 .60

7 6 .1 5
8 0 .7 5 O

75 .88
79 .85

7 6.15
8 0.75

7 5 .7 5
7 9 .7 0

7 6 .15
8 0 .75

7 2.3 7
7 8.3 0

7 6 .1 5 O
8 0 .7 5 O

7 7 .04

8 9 .6 3 O

77 .04

8 9.63 O

7 6 .6 7

8 9 .63 O

8 9.5 1

8 9 .6 3

7 9 .50

7 9 .8 7

79 .50

7 9.87

7 9 .9 0

79 .87

7 9.3 9

7 9 .8 7

4 6 .28

6 9 .8 3 O

46 .28

6 9.83 O

4 6 .5 2

6 9 .83 O

6 7.2 1

6 9 .8 3 O

8 0 .02

8 2 .6 6 O

80 .02

8 2.66 O

8 0 .0 6

8 2 .66 O

8 0.6 8

8 2 .6 6 O

9 3 .33

9 3 .5 0

9 5 .96

9 3 .50 X

9 2 .9 8

9 3 .50

94 .0 3

9 3 .5 0

Table 3. The accuracy comparison of RBE and other methods (SMO)
D a ta se t
B A LA N C E - S C A LE
G LA S S
IO N O S P H E R E
IR IS
P IM A
S A T IM A G E
SEG M EN T
SPAM B ASE
V E H IC LE
W A VE FO R M
W DBC

SM O

vs R B E

A d a - 7 vs R B E

B a g g in g vs R B E

RBC

vs R B E

8 7 .52

8 9 .2 8 O

87 .52

8 9.28 O

8 7 .8 4

8 9 .28 O

8 8.1 6

8 9 .2 8

5 3 .94

6 1 .5 1 O

58 .14

6 1.51 O

5 3 .9 2

6 1 .51 O

5 9.2 4

6 1 .5 1 O

8 8 .03

8 8 .9 1

87 .78

8 8.91

8 7 .4 7

8 8 .91 O

8 7.7 7

8 8 .9 1

9 6.67

9 5 .3 3

9 8 .00

9 5 .33 X

9 6 .0 0

95 .33

96 .0 0

9 5 .3 3

7 7.19
8 5 .05

7 6 .8 1
8 6 .4 0 O

7 7 .19
85 .30

7 6 .81
8 6.40 O

7 6 .8 0
8 4 .9 5

7 6 .81
8 6 .40 O

7 4.1 9
8 6.1 5

7 6 .8 1 O
8 6 .4 0

9 2.72

9 2 .5 9

9 2 .72

9 2 .59

9 3 .0 9

92 .59

93 .4 6

9 2 .5 9

9 0 .39

9 1 .8 7 O

90 .83

9 1.87

9 1 .1 4

9 1 .87

9 1.7 6

9 1 .8 7

7 4 .55

7 7 .1 6 O

74 .43

7 7.16 O

7 3 .9 5

7 7 .16 O

77 .4 0

7 7 .1 6

8 6.60

8 6 .5 6

8 6 .60

8 6 .56

8 6 .3 4

8 6 .56

8 5.7 4

8 6 .5 6

9 7.89

9 7 .5 4

9 7 .89

9 7 .54

9 7 .8 9

97 .54

9 5.9 7

9 7 .5 4 O

Table 4. The accuracy comparison of RBE and other methods (C4.5)
D a ta se t
B A LA N C E - S C A LE
G LA S S
IO N O S P H E R E
IR IS
P IM A
S A T IM A G E
SEG M EN T
SPAM B ASE
V E H IC LE
W A VE FO R M
W DBC

C 4 .5

vs R B E

A d a - 7 vs R B E

B a g g in g vs R B E

RBC

vs R B E

7 7 .62

7 9 .3 7 O

7 9 .54

7 9 .37

8 2 .2 6

79 .37 X

7 9.0 5

7 9 .3 7

6 9 .39

7 0 .8 2 O

7 4 .70

7 0 .82 X

7 4 .7 0

70 .82 X

6 5.7 1

7 0 .8 2 O

8 8 .05

9 0 .3 4 O

9 2 .62

9 0 .34 X

9 0 .6 3

90 .34

8 8.0 6

9 0 .3 4 O

9 4 .67

9 4 .6 7

94 .00

9 4.67

9 5 .3 3

94 .67

9 3.3 3

9 4 .6 7

7 3 .53
8 5 .20

7 4 .5 7
8 7 .9 5 O

73 .14
8 8 .20

7 4.57 O
8 7 .95

7 6 .4 0
8 8 .9 0

74 .57 X
87 .95

7 2.0 9
8 6.0 5

7 4 .5 7 O
8 7 .9 5 O

9 6 .17

9 7 .0 4

9 7 .90

9 7 .04

9 6 .1 7

9 7 .04

9 5.8 0

9 7 .0 4

9 3 .05

9 4 .3 1

9 5 .26

9 4 .31

9 4 .3 5

94 .31

9 3.0 0

9 4 .3 1

7 5.02

7 4 .7 9

7 6 .80

7 4 .79 X

7 6 .2 1

74 .79

7 3.3 7

7 4 .7 9

7 5 .36

7 7 .1 8 O

8 1 .56

7 7 .18 X

8 0 .7 8

77 .18 X

7 5.1 0

7 7 .1 8 O

9 2 .80

9 4 .0 3

9 6 .49

9 4 .03 X

9 4 .5 6

94 .03

9 3.6 8

9 4 .0 3

accurate than other ensemble approaches, and it hardly
was less accurate than others in other data. With C4.5
as the base learner, ensemble method of boosting and
bagging was generally more efficient than RBE. This is
because the performance of the single classifier
improved more conspicuously in boosting and bagging
than RBE. As pointed in Section 2, boosting and
bagging cause a leap of performance in unstable
algorithms as the decision tree. We found that RBE
was more accurate with stable algorithms such as
Naïve Bayes or SVM and other existing ensemble
method (e.g. boosting and bagging) were better with
unstable algorithms like C4.5.
In addition, as seen in the tables, RBE was more
accurate in most data sets than RBC regardless of the
base learner, and the difference of the performance
between those two was remarkably big in some data.
This result experimentally supports the rationale behind
ensemble learning in RBE.

4.2. Results
Table 2, 3 and 4 are the comparisons of accuracy
between single classifier, other ensemble methods
(bagging, boosting), and RBC and RBE classified by
each base learner. Numbers in boldface represent
higher accuracy. The O mark in RBE column means a
significantly higher accuracy, and the X mark means a
significantly lower accuracy.
In the comparison with single classifier, RBE
exhibit higher accuracy regardless of the base learner.
That means RBE plays its own role as a good ensemble
classifier independent of the base learner.
As mentioned
previously,
boosting
used
AdaBoost.M1 algorithm which is applied also upon
multiple class problems, and boosting and bagging both
generated 7 classifiers. As seen in the tables, RBE was
generally more accurate than other ensemble methods
when Naïve Bayes or SVM are adopted as the main
learning algorithm. For some data RBE was even more
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5. Conclusion and future works
We have presented the ensembles of region based
classifiers (RBE) as a new ensemble method.
Compared to the existing methods such as bagging and
boosting, our method demonstrated better performance,
particularly when a stable algorithm is used as the base
learner.
RBE generates an ensemble in the form of a tree of
which the node represents an individual classifier. Each
classifier is in charge of a specific region of the feature
space, and trained by the patterns in the region only,
which both entails diversity among the classifiers in the
ensemble and guarantees more accurate classification
in lower nodes as well. The criterion used in splitting
the data and defining regions is the information gain. A
feature with the maximum information gain is chosen
to split the data. The classification of a pattern is by the
majority voting among the nodes that contain the
pattern in their region, giving preference to the leaf
node in case of ties.
The feasibility of RBE is verified both theoretically
with proven theorems and experimentally with realworld data sets. It outperformed a single classifier and
a simple region based classifier. It either outperformed
other ensemble methods or was comparable to them for
different base learners.
Our current experiments are with three levels in
RBE (i.e. use of complete binary tree with depth 3) and
with seven classifiers in bagging and boosting. The
number of levels is determined arbitrarily, and it needs
to be examined further to develop a well-defined
method to determine the level. Also, our algorithm
needs to be expanded to handle various types of
features (e.g. discrete values). In addition, other
methods to combine the classifiers can be developed
beyond the simple voting. These are left as topics for
future research.
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