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Abstract. A metaclassifier is a technique that integrates multiple base
classifiers. In this paper a hybrid meta-classifier algorithm based on gen-
erative and non-generative methods is proposed. Five well-know strong
classifiers are used for the non-generative method and bagging was used
for generative method. The performances of the five base classifiers, their
ensembles based on bagging, and the proposed hybrid metaclassifier are
compared using classification error rates. Eight different datasets com-
ing from the UCI Machine Learning database repository are used in the
experiments.
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1 Introduction

Data mining and knowledge discovery play an important role in engineering, sci-
entific, and medical databases. Different classifiers have been designed to solve
different problems in this area. However, the performance of some of them is
poor. For this reason, ensembles of base classifier algorithms, called metaclassi-
fiers, are considered.

Ensembles of multiple classifiers [12], are found in several fields, such as the
combination of estimators in econometrics, evidence in rule-based systems, and
multi-sensor data fusion. Meta-classifiers are studied because they improve the
efficiency of single classifiers, and also because they are robust.

In this paper a combination of two ensemble methods based on generative and
non-generative methods is introduced. Each of these algorithms is based on five
different base classifiers learned from centralized datasets. These classifiers are
Radial Basis Function networks (RBF), C4.5 decision trees (C45), Kernel Den-
sity (KD), Naive Bayes (NB), and K-Nearest Neighbors (KNN). Single bagging
for each of them and their combined bagging is carried out. The performance
of the proposed algorithm is compared with the five base classifiers and other
meta-classifiers. This performance is based on the classification error rate.

This paper is organized as follows: related works to this research are described
in section two. Section three describes the ensemble methods and the proposed
algorithm. Experimental results are presented in section four. Finally, conclu-
sions are discussed in section five.
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2 Related Work

Roli et al. [11] and Tumer and Ghosh [12] presented and analyzed combiners
based on order statistics. They concluded that the combiner’s robustness helps
to improve the performance of certain individual classifiers. Their experimental
results showed that, if there is significant variability among the classifiers, the
order statistics-based combiners substantially outperform simple combiners.

Duin and Tax [5] concluded that combining classifiers trained in different fea-
ture sets is quite useful, especially when the probabilities are well estimated by
the classifier in these feature sets. On the other hand, combining different clas-
sifiers trained in the same data set may also improve the classifier performance,
but it is generally less useful. They concluded that there is no combiner win-
ning rule: mean, median, majority in case of correlated errors, and the product
of independent errors perform roughly as expected, but others may be good as
well.

Dietterich [4] concluded that in low-noise cases, Adaboost [6] gives a good
performance because it is able to optimize the ensemble without over-fitting.
However, in high-noise cases, Adaboost puts a large amount of weight in the
mislabeled examples, badly over-fitting the classifier. Bagging and randomization
perform well in both the noise and noise-free cases because they are focusing in
the statistical problem and noise increases this statistical problem. In very large
data sets, randomization can be expected to do better than bagging, because
bootstrap replications of a large training set are similar to the training set,
hence the learned decision tree may not be very diverse. Randomization creates
diversity under all conditions, but at the risk of generating low-quality decision
trees. The author [4] was interested to see if the local algorithms such as radial
basis functions and nearest neighbor methods can be profitably combined via
Adaboost to yield interesting new learning algorithms.

Oza et al. [9] surveyed applications of ensemble methods to problems that
present difficulties in classification such as: remote sensing, person recognition,
one-versus-all recognition, and medicine.

Amin et al. [1] presented ensemble approached in single-layered complex value
neural networks to solve classification problems. They applied two ensemble
methods based on negative correlation learning and bagging.

Hsieh et al. [8] proposed an ensemble classifier constructed by incorporating
data mining techniques, such as associate binning to discretize continuous values,
neural networks, support vector machine, and Bayesian networks to augment
the ensemble classifier. They applied their ensemble in a credit scoring system
to replace one existing hybrid system.

Goumas et al. [7] presented fusion methods of multiple classifiers through
multi-modular architectures to improve the classification results and to con-
tribute the robustness of the inspection system which is based on a technology
of surface mounted devices.
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3 Ensemble Methods

Experiments with classifier combining rules were described by Duin and Tax [5],
and Dietterich [4]. The latter used various fixed and trained combining rules.
Six methods for fusing multiple classifiers are presented by Roli et al. [11]. They
measured classifiers’s diversity and performance of such methods.

Meta-learning refers to learning from a prediction of base classifiers in a com-
mon validation dataset. The sequence of this process is as follows:

1. Classifiers are trained from the initial training sets.
2. A prediction is generated by the learned classifiers in a separate validation set.
3. A meta-level training set is composed from the validation set and the pre-

diction generated by the classifiers in the validation set.
4. The final classifier (meta-classifier) is trained from the meta-level training set.

Valentini and Masulli [13] quoted two general ensemble Methods: generative
and non-generative. The latter doesn’t generate new base classifiers, instead it
combines base classifiers in a suitable way to find the ensemble. An explanation
of both methods is given below.

– Non-generative Methods
These methods combine a set of base learning algorithms using a combiner
module, which depends in its adaptivity of input and output of its base clas-
sifiers. If labels or if continuous outputs are hardened, the majority voting
among the represented base classifiers are used. Weights can be assigned
to each classifier output to optimize the combined classifier of the training
set. Ensembles can be based in Bayes rule approach. For this purpose, the
Behavior Knowledge Space method considers each possible combination of
class labels. This method computes the frequency of each class correspond-
ing to each combination of the classifiers, but this technique requires a huge
size of training data. The base learners can be aggregated using operators
such as minimum, maximum, average, product, and ordered weight averag-
ing. Another method of combination is using second level learning machine.
This learning algorithm takes the base leaner outputs as features in the
intermediate space.

– Generative Methods
Resampling methods may be used to generate different training sets. In or-
der to produce multiple classifiers, base learning algorithms can be applied
in these sets. Bagging draws samples with replacement. On the other hand,
boosting uses different distribution or weighting over the training exam-
ples in each iteration. Another method to get training samples is leaving
one disjoint subset out. This method is called cross-validation, which is a
technique to sample without replacement. Randomized ensemble methods
generate classifiers using random initial values to construct the classifier.
For instance, in a radial basis function, the initial weights can be initialized
randomly to obtain different classifiers. In this paper a combination of gen-
erative and non-generative method is proposed. A comparison between the
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single base classifiers, their respective ensembles based on bagging, and the
proposed ensemble is carried out.

3.1 Combination of Generative and Non-generative Ensemble

In this paper a combination of two ensemble methods is proposed: a generative
method based on majority voting and a non-generative method based on bagging.

Five well-known base classifiers are used to build a meta-classifier algorithm
based on majority voting. These classifiers are the C4.5 decision trees (C45) [10],
Naive Bayes (NB) from Machine Learning, Kernel Density (KD) from statistics,
Radial Basis Functions (RBF) from neural networks, and K-Nearest Neighbors
(KNN).

The bagging algorithm was proposed by Breiman [3]. This algorithm consists
in taking B bootstrap samples with replacement £1,£2, ...,£B, generated from
a training sample £. A classifier Ci is built for each bootstrap sample £i. Finally,
a classifier CA is generated, containing the most frequent class estimated by the
Ci classifier.

In majority voting, an instance is classified in the most frequent class that
appears in the classifier output.

Combining bagging and majority voting consists in generating different base
classifiers for each bootstrap sample. Then a majority voting method is applied
to these classifiers. The final output is taken as the classifier output for each
bootstrap sample in the Bagging algorithm (Fig. 1).

Input training sample £, classifier C , bootstrap samples B
for i = 1 to B {
£′ = bootstrap sample from £
ECi = majority vote {BCj(£

′)}
where BCj is a base Classifier,
j = 1, ..., # of base classifiers

}
ECA(x) = argmax

y∈Y

∑

i:ECi(x)=y

1, (the most frequent class)

Y = {1, 2, ..., g}
Output Classifier ECA.

Fig. 1. Proposed Ensemble Algorithm

4 Experimental Results

The implementation of the base algorithms and the ensembles were made in the
C++ language. For the decision tree classifier, a wrapper of the C4.5 software
was used. This software was developed by Quinlan [10] which is available in the
author’s web page. The RBF classifier uses the CPPLapack library to find the
pseudo inverse of a matrix using the general svd procedures from the LAPACK
library. This library is an open source C++ wrapper for BLAS and LAPACK
library and it is available on http://cpplapack.sourceforge.net/
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Table 1. Parameters of Base and Ensemble Algorithms

Dataset iris diabetes ionosphere breawst bupa vehicle segment landsat

NH 5 5 6 3 9 20 25 36
SCL 1 1 1 1 1 1000 100 10000
NN 4 7 3 7 7 3 3 11

Table 2. Classification Error Rates of Base and Ensemble Algorithms

Dataset C4.5 RBF KD NB KNN BC4.5 BRBF BKD BNB BKNN B1

Breawst 0.013 0.032 0.049 0.037 0.028 0.041 0.032 0.049 0.037 0.029 0.038
Bupa 0.171 0.359 0.359 0.420 0.359 0.335 0.348 0.379 0.414 0.358 0.368
Diabetes 0.259 0.277 0.264 0.246 0.255 0.242 0.257 0.265 0.247 0.261 0.238
Ionosphere 0.125 0.099 0.108 0.262 0.162 0.080 0.100 0.114 0.262 0.162 0.066
Iris 0.080 0.047 0.046 0.053 0.400 0.060 0.038 0.038 0.048 0.053 0.038
Landsat 0.262 0.189 0.134 0.219 0.207 0.211 0.157 0.129 0.219 0.199 0.161
Segment 0.062 0.142 0.134 0.230 0.111 0.056 0.122 0.136 0.230 0.110 0.067
Vehicle 0.271 0.335 0.373 0.508 0.353 0.262 0.245 0.347 0.507 0.357 0.241

Table 3. Ranking of Classifiers and Ensembles

Dataset 1st 2nd 3th 4th 5th 6th 7th 8th 9th 10th 11st

Breawst C4.5 KNN BKNN RBF BRBF NB BNB B1 BC4.5 KD BKD

Bupa C4.5 BC4.5 BRBF BKNN RBF KD KNN B1 BKD BNB NB
Diabetes B1 BC4.5 NB BNB BRBF C4.5 KNN BKNN KD BKD RBF

Ionosphere B1 BC4.5 RBF BRBF KD BKD C4.5 KNN BKNN NB BNB

Iris B1 BRBF BKD KNN KD RBF BNB NB BKNN BC4.5 C4.5
Landsat BKD KD BRBF B1 RBF BKNN KNN BC4.5 NB BNB C4.5
Segment BC4.5 C4.5 B1 BKNN KNN BRBF KD BKD RBF NB BNB

Vehicle B1 BRBF BC4.5 C4.5 RBF BKD KNN BKNN KD BNB NB

Eight data sets from the UCI Machine Learning Database Repository [2] were
used for the experiments. These datasets were iris, diabetes, ionosphere, breawst,
bupa, vehicle, segment, and landsat. The error rates of classifiers were estimated
using 10-fold cross validation technique. Table 2 shows these error rates, which
are the average of 10 runs.

The RBF and KNN algorithms have their own parameters for each dataset.
These parameters are chosen according to their lowest classification error rate by
cross validation. The RBF classifier has hidden nodes, tested from 2 to 30, and
a scale parameter used to normalize the values of distance matrices, tested from
1 to 10000. The KNN classifier used the number of neighbors for each dataset.
Table 1 shows these parameters for each dataset used in this research.

Table 2 shows the classification error rates for the proposed combined voting
algorithm (B1), five base classifiers (C4.5, RBF, KD, NB, and KNN) and their
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ensembles based on bagging (BC4.5, BRBF , BKD, BNB, BKNN). The results
show that for each classifier the bagging algorithm tends to reduce the classi-
fication error rate. In almost all datasets, the proposed algorithm gives better
results and is more robust when compared to single ones and their ensembles.
Table 3 shows a summary of ranking of each base classifier, their ensembles, and
the proposed combined voting scheme.

5 Conclusions

In this paper the performances based on classification error rate of five well-
known base classifier algorithms (C4.5 decision tree, Naive Bayes, Kernel Den-
sity, Radial Basis Functions and K-Nearest Neighbors) were compared, as well as
their ensemble bagging algorithms. A new ensemble algorithm (a combination of
generated and non generated ensembles) was introduced. The misclassification
error rate, based on ten-fold cross validation, was used to compare the perfor-
mances of the base classifiers and the ensembles. The proposed algorithm was
ranked first for diabetes, ionosphere, iris, and vehicle; third for segment; fourth
for landsat; and eighth for bupa and breawst datasets. It can be concluded that
the proposed algorithm yielded better results for almost all datasets, and it was
robust compared to the single ones and other ensemble algorithms.
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Appendix

In this paper, five base classifiers are used in order to build a meta-classifier algo-
rithm. They are the C4.5 decision trees [10], Naive Bayes from Machine Learning,
Kernel density from statistics, radial basis functions from neural networks, and
K-nearest neighbors.

These algorithms are the following:

A The C4.5 algorithm

It is a decision tree algorithm introduced by Quinlan [10]. Given a training sam-
ple with known labels; this algorithm constructs a decision tree. On each node a
test for each attribute is made. Finally, given an input vector x (unlabeled) the
decision tree determines to which class is assigned.

The following steps explain the C4.5 algorithm. Let T be the training sample
and let C1, C2, ..., Ck be the set of possible classes of the instances in T. The
decision tree construction is as follows:

1. If T contains instances belonging to a single class, then the decision tree for
T is a leaf identifying a class Cj .

2. If T doesn’t contain any samples, then T is a leaf.
3. If T contains instances with mixture classes. T is partitioned into Ti (mixture

classes). The decision tree of T consists in a decision node.
4. The same process of tree construction is applied recursively to each no leaf

node.
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In step 3 the criterion to select an attribute is given by the info-gain measure.

Info(T ) = −
k∑

i=1

((freq(Ci, T )/|T |)log2(freq(Ci, T )/|T |)

InfoX(T ) = −
n∑

i=1

((|Ti|/|T |)Info(Ti))

Gain(X) = Info(T ) − InfoX(T )

Where X is a vector of instance. For discrete attributes, frequencies are used to
find the maximum info-gain. For continuous attributes binary tests Y ≤ Z and
Y ≥ Z are defined. In the last case the training instances are first sorted; there
are only m-1 possible splits, each of them should be examined. Finally the value
with the highest information gain is selected.

B Radial Basis Function Networks

The radial basis functions (RBF neural networks) are defined as the combination
of radially symmetric linear basic functions. These functions transform an input
x ∈ Rp in a C dimensional space, it is

gj(x) =
m∑

i=1

wijφi(‖x − μi‖) + wj0

the parameters wij (j = 1, ..., C, C = number of classes) are called the weights
and μi the centers (i = 1, ..., m).

For instance two kind of basic functions are: Thin plate φ(z) = z2log(z) and
gaussian φ(z) = exp(−z2).

The centers ui can be obtained by the following procedures: 1) Random selec-
tion. 2) Using clustering algorithms like k-means. 3) Gaussian mixtures. 4) K-
nearest neighbors.

The weights wij can be found using minimum least squares procedure.
The classification rule using radial basis function is: Assign x to the class Ci

if:
gi(x) = max

j
gj(x) i = 1, ..., C

x is assigned to the class for which the discriminant function has the largest
value.

C The Kernel Density Classifier

Given a univariate data set x1, ... ,xn; its empirical distribution function can be
written as:

F̂ (x) =
# observations ≤ x

n
(1)
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Since the density function of a random variable X is the derivative of its
distribution function.

In the multivariate case (x ∈ Rp), the estimation of the density function is
given by:

f̂(x) =
1

nh1h2 · · ·hp

n∑

i=1

Kp

(
x1 − xi1

h1
, ...,

xp − xip

hp

)
(2)

Where the bandwidth parameters are estimated by:

hopt = s

{
4

n(p + 2)

} 1
p+4

(3)

The kernel product estimator is defined by:

Kp(x) =
p∏

v=1

K(xv) (4)

Where K(·) is a univariate density function. The estimation of density using a
variable bandwidth is:

f̂(x) =
1

nh1h2...hp

n∑

i=1

(
1
λi

)p p∏

v=1

K

(
xv − xiv

hvλi

)
(5)

Where λi is calculated as in the univariate case.
An object x is assigned to the class i where the πif̂(x/Ci) is maximum (the

πis are the priors, and f̂(x/Ci) is the class conditional function estimated by the
kernel product).

D The K-Nearest Neighbors Classifier

The probability that a point x falls in a volume V centered at a point x is given
by

θ =
∫

V (x)

p(x)dx

The integration is taken over the volume V. For small samples θ ∼ p(x)V , the
probability θ may be approximated by the proportion of samples falling within
V. If k is the number of instances, out of total n, falling within V , then θ ∼ k/n.
Now the density can be approximated by:

p(x) =
k

nV

If xk is the kth nearest neighbor point of x, then V may be taken to be a
sphere, centered at x, of radius ‖x−xk‖ (the volume of a sphere in n dimension
is 2rnπn/2/nΓ (n/2) , where Γ (x) denotes the gamma function).
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The classification rule of the k-nearest neighbor algorithm is as follows: Given
an instance of testing data sample, k nearest neighbors of a training data is
computed first. Then, the testing instance is assigned to the most similar class
of its k nearest neighbors.

E The Naive Bayes Classifier

Naive Bayes classifier relies in the classical Bayes theorem. The class posterior
probability given a feature vector x, is fi(x) = P (C = i|X = x). But, P (C =

i|X = x) =
P (X = x|C = i)P (C = i)

P (X = x)
by Bayes theorem. Therefore, fi(x) ∝

P (X = x|C = i)P (C = i). The Bayesian classifier is defined as:

h(x) = arg max
i

P (X = x|C = i)P (C = i) i = 1, ..., g(# of classes)

When the feature space is high dimensional, the Naive Bayes classifier assumes
that features are independent. Therefore, the discriminant function is given by:

fNB
i (x) =

n∏

j=1

P (Xj = xj |C = i)P (C = i) n : number of features
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