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Abstract. In Machine Learning, ensembles are combination of classi-
fiers. Their objective is to improve the accuracy. In previous works,
we have presented a method for the generation of ensembles, named
rotation-based. It transforms the training data set; it groups, randomly,
the attributes in different subgroups, and applies, for each group, an axis
rotation. If the used method for the induction of the classifiers is not in-
variant to rotations in the data set, the generated classifiers can be very
different. In this way, different classifiers can be obtained (and combined)
using the same induction method.

The bias-variance decomposition of the error is used to get some insight
into the behaviour of a classifier. It has been used to explain the success
of ensemble learning techniques. In this work the bias and variance for
the presented and other ensemble methods are calculated and used for
comparison purposes.

1 Introduction

One of the research areas in Machine Learning is the generation of ensembles.
The basic idea is to use more than one classifier, in the hope that the accuracy
will be better. It is possible to combine heterogeneous classifiers, where each
of the classifiers is obtained with a different method. Nevertheless, it is also
possible to combine homogeneous classifiers. In this case all the classifiers have
been obtained with the same method. In order to avoid identical classifiers, it is
necessary to change something, at least the random seed.

There are methods that alter the data set. Bagging [3] obtains a new data set
by resampling the original data set. An instance can be selected several times, so
some instances will not be present in the new data set. The Random Subspaces [8]
method obtains a new data set deleting some attributes. Boosting [14] is a fam-
ily of methods. The most prominent member is AdaBoost. In this case the data
set is modified depending on the classification errors of the previously generated
base classifier. The bad classified examples are assigned a greater weight, so the
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next classifier will give more importance to those examples. Another possibil-
ity, instead of modifying the data set, is to modify the base learning method.
For instance, in the Random Forest method [4], decision trees are constructed
in a way such as the selected decision for a node is, to some extent, random.
Comparatives among ensemble generation methods are presented in [1,5,9].

These method share the idea that it is necessary to modify the data set in
a way that some information is lost (e.g., instances, attributes), or the learning
method does not use all the information (i.e., random forest). None of the modi-
fications would be considered if it was desired to obtain a unique classifier. They
are used ensemble methods need diverse base classifiers.

Rotation-based ensembles [13] transform the data set, but in a way that all
the present information is preserved (although is is transformed). The idea is to
group the attributes, and for each group to apply an axis rotation. Hence, all the
available information (instance and attributes) in the data set is still available.
Although there are a lot of learning methods that are invariant to rotations, one
of the most used with ensembles, decision trees, are very sensitive to this kind
of variations, because the generated decision surfaces are formed by parallels to
the axis.

When the method was presented [13] it was compared with other ensemble
methods using only the error. It is well known that the error of a classifier can
be divided in bias and variance. In this work we calculate these measures for
different ensemble methods and use them for comparison purposes.

The rest of the work is organized as follow. The proposed method is described
in Sect. 2. The bias-variance decomposition of the error is presented in Sect. 3.
Section 4 includes the experimental validation. Finally, section 5 concludes.

2 Rotation-based Ensembles

This method is introduced in [13]. It is based on transforming the data set, in a
different way for each member of the ensemble. Then, the base learning method
is used with the transformed data set. The results of the different classifiers are
combined using majority vote.

The transformation process is based on Principal Component Analysis (PCA)
[7]. These components are linear combinations of attributes. Normally, this tech-
nique is used for reducing the dimensionality of the data set, because the com-
ponents are ordered according to their importance, so the last ones can be dis-
carded. Nevertheless, we are going to consider all the components. In this case,
the transformed data set has exactly the same information than the original one,
with the only difference of axis rotation. This technique works with numeric at-
tributes. If the data set has discrete attributes, they must be transformed to
numeric.

One of the objectives in ensemble methods is that the combined classifiers
were diverse, because nothing is gained if they are equal. Another objective,
somewhat contradictory to the previous one, is that the combined classifiers were
accurate. PCA is an adequate transformation for ensemble generation because,



first, no information is loss, so the accuracy of the base classifiers should not be
worsened, as happens with other ensemble methods. And second, because the
model generated by the base classifier can be rather different, given that the
method was not invariant to rotations.

Nevertheless, for a given data set, the result of PCA is unique. For generating
different classifiers it is necessary to obtain several transformed data sets. The
possibilities are:

— To apply PCA to a subset of the instances. Unless the number of instances
were rather small, the results will be rather similar.

— To apply PCA to a subsets of the classes. In fact, this is a variant of the
previous possibility, because when classes are selected, their instances are
being selected. Nevertheless, the hope is that the results of the analysis will
be more diverse.

— To apply PCA to a subset of the attributes. In this case only the selected at-
tributes would be rotated. In order to modify all the attributes, it is possible
to group the attributes in groups, and to apply PCA for each group.

The previous strategies are considered for the application of PCA, but once
that the analysis has been obtained, then all the data set if reformulated using
the components. If the previous strategies are combined, it is possible, except
for very small data sets, to obtain a lot of different data sets.

The application of PCA to groups of attributes is another mechanism for
diversification, but it also provides additional advantages. First, the execution
time of the analysis depends mainly on the number of attributes, so is much
quicker to do the analysis in groups that doing it with all the attributes.

An algorithmic description of the method is presented in [13].

3 Bias-variance decomposition of the error.

The bias-variance decomposition of the error is a useful tool for analyzing learn-
ing algorithms. Originally it was proposed for regression, but there are several
variants for classification [10, 6]. It decomposes the error in three terms [16], de-
rived with reference to the performance of a learner when trained with different
trained sets drawn from some distribution of training sets:

— Squared bias: a measure of the error of the central tendency of the learner.

— Variance: a measure of the degree to which the learner’s predictions as it is
applied to learn models from different training sets.

— Intrinsic noise: a measure of the degree to which the target quantity is in-
herently unpredictable.

Given that it is infeasible to estimate the intrinsic noise from sample data,
this term is usually aggregated to the bias term.

One of the possible explanations for the success of bagging and boosting
uses this decomposition [11]. Although there is no general theory on the effects



of bagging and boosting on bias and variance, Bagging is assumed to reduce
variance without changing the bias. Boosting in the early iterations primarily
reduces bias and in the later iterations reduces mainly variance.

4 Experimental Validation

4.1 Data Sets

The used data sets appear in table 1. They are the ones available in the format of
the WEKA library. All of them are form the UCI repository [2]. Some of the data
sets were slightly modified. First, for the data sets “splice” and “zoo” an attribute
was eliminated. They were instance identifiers. This kind of attributes are not
useful for learning, and in the current implementation, they cause a considerably
overhead, because continuous attributes are converted to numeric. Second, for
the data set “vowel”, there was an attribute indicating if the instance was for
training or for testing. This attribute was eliminated. Moreover, this data set
includes information of the speakers and their sex. We consider two versions,
“vowel-c” and “vowel-n” using and not using this context information, because
there are works that use and not use this information.

4.2 Settings

The used method for constructing decision trees is one of the available in the
WEKA library [17], named J48. It is a reimplementation of C4.5 [12]. The im-
plementations of Bagging and AdaBoost.M1 are also from that library.

The parameters of the different methods were the default ones. The number
of classifiers to combine was 10. For rotation-based ensembles, the number of
attributes is each group was 3.

PCA is defined for numeric attributes. For the presented method, discrete
attributes were converted to numeric ones, with as many attributes as possible
values. This transformation was not applied for the methods used for comparison
(bagging, boosting. .. ) because they can deal directly with discrete attributes.

The bias and variance are calculated with the method proposed in [16]. It is
available in WEKA. The default parameters were used. The exception was the
number of times each instance is classified, that was set to 50 (the default value
is 10). With these settings, it runs 50x2-fold cross validation.

4.3 Results

Table 2 shows the error, bias and variance results. It also includes, for each
method, the mean for all the data sets, although it is a very gross measure
of relative performance. Rotation-based ensembles have the minimum mean for
the error and the variance. The minimum mean for the bias is obtained with
boosting, although the result for rotation-based is very close.



data set classes|examples|discrete|continuous
anneal 6 898 32 6
audiology 24 226 69 0
autos 7 205 10 16
balance-scale 3 625 0 4
breast-cancer 2 286 10 0
breast-w 2 699 0 9
colic 2 368 16 7
credit-a 2 690 9 6
credit-g 2 1000 13 7
diabetes 2 768 0 8
glass 7 214 0 9
heart-c 5 307 7 6
heart-h 5 294 7 6
heart-statlog 2 270 0 13
hepatitis 2 155 13 6
hypothyroid 4 3772 22 7
ionosphere 2 351 0 34
iris 3 150 0 4
labor 2 57 8 8
letter 26 20000 0 16
lymphography 4 148 15 3
primary-tumor 22 239 17 0
segment 7 2310 0 19
sonar 2 208 0 60
soybean 19 683 35 0
splice 3 3190 60 0
vehicle 4 846 0 18
vote 2 435 16 0
vowel-c 11 990 2 10
vowel-n 11 990 0 10
waveform 3 5000 0 40
700 7 101 16 2

Table 1. Characteristics of the used data sets.



The table also includes the geometric mean ratio [15]. For each data set, the
ratio is the value for the alternative method divided by the value for rotation-
based ensembles. Then, the geometric mean of the ratios is calculated. A ge-
ometric mean ratio greater than 1.0 represents an advantage of rotation-based
and a lower value represents an advantage to the alternative algorithm. In the
table, all the geometric rates are greater than 1.0.

Finally, the table also shows for each method and measure the number of
times that the result is better and worst than the result for rotation-based. The
only case that is not favourable to the presented method is the bias for boosting,
that is better for 18 of 32 data sets. This is consistent with previous results, that
indicate that boosting with few iterations reduces mainly the bias [11].

5 Conclusions and Future Work

Rotation-based ensembles is a novel approach for the generation of ensembles
of classifiers. The method compares favorably to Bagging, Random Forest and
AdaBoost.M1, when using decision trees as base classifiers. The proposed method
has smaller mean values, favourable geometric mean rations, and is more times
better than worst when compared with the other methods. The only exception
is that the bias is better for boosting than for rotation-based ensembles.

It is somewhat surprising that the results of the method were better than
the results for boosting, because it appears to be rather more elaborated, and
with a most solid theoretical basis. Nevertheless, one of the features of boosting,
not present in neither our method nor Bagging is the ability of obtaining strong
classifiers from weak ones, such as decision stumps. On the other hand, Bagging
and our method allow the construction of the base classifiers in parallel.

Currently, only decision trees have been considered as base classifiers. Other
methods that are not rotation-invariant can be considered. On the other hand,
rotation-invariant methods can also be used if the number of attributes in the
transformed data set is different than the number for the original data set.

The experimental validation has been limited to classification problems. Ap-
parently, the method can be also used for regression problems, if the base re-
gression method is not invariant to rotations, as is the case for regression trees.

The presented method is compatible with another ensemble methods. First,
the base classifier for an ensemble method can be another ensemble method. For
instance, it could be possible to use the presented method using bagging as base
classifier. In this way, it could be possible to combine 100 decision trees, but
applying the PCA procedure only 10 times. This can be useful because the PCA
procedure is slower than resampling, the used strategy for Bagging.

Second, it is possible to apply several transformations to the original data
set. For instance, resample and then the presented method. In this way, the two
ensemble methods are not used hierarchically, but simultaneously. Hence, it is
necessary to study the possible usefulness of some of these combinations.
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