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Rotation of Random Forests for Genomic
and Proteomic Classification Problems
Gregor Stiglic, Juan J. Rodriguez, and Peter Kokol

Abstract Random Forests have been recently widely used for different kinds of
classification problems. One of them is classification of gene expression samples
that is known as a problem with extremely high dimensionality, and therefore demands suited classification techniques. Due to its strong robustness with respect to
large feature sets, Random Forests show significant increase of accuracy in comparison to other ensemble-based classifiers that were widely used before its introduction.
In this chapter, we present another ensemble of decision trees called Rotation Forest
and evaluate its classification performance on different microarray datasets. Rotation Forest can also be applied to different already existing ensembles of classifiers
like Random Forest to improve their accuracy and robustness. This study presents
evaluation of Rotation Forest classification technique based on decision trees as
base classifiers and was evaluated on 14 different datasets with genomic and proteomic data. It is evident that Rotation Forest as well as the proposed rotation
of Random Forests outperform most widely used ensembles of classifiers including Random Forests on majority of datasets.

1 Introduction
There have been many supervised classification techniques that were applied to
the analysis of microarray and mass spectrometry-based data in recent years.
Diaz-Uriarte and Alvarez [1] have shown that ensembles of classifiers can perform
very good even in very high-dimensional and noisy gene expression domain, where
they can achieve at least as good results as some other advanced machine learning
techniques such as support vector machines (SVM) [2, 3], nearest neighbours [4, 5]
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or neural networks [6]. The key idea of building multiple classification models and
assembling them in committees of classifiers is the ability of ensembles to increase
stability and accuracy compared to a single classifier [7]. This is especially true
when classifiers like decision trees or neural networks that are very sensitive to
changes in the underlying training set are used. Diversity among the members of
an ensemble of classifiers is deemed to be a key issue in classifier combination as
it ensures that independent members of an ensemble are built from the same initial
dataset.

2 Methods
2.1 Basic Ensemble Building Techniques
One of the first ensemble building techniques was called bagging and was introduced by Breiman in [8]. It is based on random sampling of examples from the
training set which is also the basis of bootstrapping [9]. An ensemble of classifiers
that was built using bootstrapping is then used to classify an example using the
majority vote of the ensemble.
Another basic and at the same time widely used method for building ensembles is
called boosting [10]. In our research, boosting is represented by AdaBoost.M1 variant, which is the most commonly used algorithm from boosting family of ensemble
building techniques. The main idea of boosting is re-weighting of examples, and
it is therefore assumed that each base classifier can handle weighted examples. In
cases where this is not possible, a dataset is obtained from a random sample, taking
into account the weights distribution. In comparison to bagging, classifiers are built
in a sequential process that cannot be parallelized. Although the idea of boosting is
very promising and also achieves good accuracy results in practice, there are some
drawbacks we should consider when using boosting. One of them is overfitting to
the training set examples; although early literature mentions that boosting would not
overfit even when running for a large number of iterations. Recent research clearly
shows negative overfitting effects when boosting is used on datasets with higher
noise content [11].

3 Random Forests
To increase the diversity of classifiers in bagging, Breiman upgraded the basic idea
of bagging by combining bootstrapping with random feature selection for decision
tree building. It has to be noted that feature randomization that represents an integral part of Random Forests method was introduced earlier by Ho [12] and Amit
et al. [13].
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Random decision trees created this way are grown by selecting the feature to
split on at each node from randomly selected set of features. The number of chosen
features is a parameter of the method. In this work, the number of chosen features
is set to log2 (k + 1) as in [14], where k is the total number of features.
Random Forests is an ensemble building technique that works well even with
noisy content in training dataset and is considered as one of the most competitive
and robust methods that can be compared to bagging or boosting [15].

4 Decorate
One of the recently proposed ensemble building techniques that could also be
seen as a somehow alternative approach as it significantly differs from the above
described techniques is called DECORATE (Diverse Ensemble Creation by Oppositional Relabeling of Artificial Training Examples) [16]. Base classifiers are built
using additional artificially constructed training examples. These examples are given
outcome labels that disagree with the current decision of the committee, thereby directly increasing diversity of classifiers within the committee.

5 Rotation Forest
One of the most recent classification techniques not only in bioinformatics but
also in the machine learning field is called Rotation Forest and was developed by
Rodriguez et al. [17]. Rotation Forest classifier was introduced to gene expression
classification problems by Stiglic et al. in [18], where it was used as a meta-classifier
for meta-classification scheme and applied to 14 different gene expression classification problems. This chapter presents the potential of Rotation Forest in the field
of gene expression classification on an even wider scale and additionally presents a
novel way to use the rotation of datasets using PCA transformation for building new
ensembles of classifiers.
Most ensemble methods can be used with any classification method, but decision
trees are one of the most commonly used. There are ensemble methods designed
specifically for decision trees, such as Random and Rotation Forests. The latter is
based on the sensibility of decision trees to axis rotations; the classifiers obtained
with different rotations of a dataset can be very different. This sensibility is usually
considered as a disadvantage, but it can be very beneficial when decision trees are
used as members of an ensemble. Decision trees obtained from a rotated dataset can
still be accurate, because they use all the information available in the dataset, but
simultaneously they can be very diverse.
As in Bagging and Random Forests, each member of the ensemble is trained
with a different dataset. These datasets are obtained from a random transformation
of the original training data. This transformation produces a rotation of the axis.
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The transformed dataset has as many examples as the original dataset. All the
information that was in the original dataset remains in the transformed dataset, because none of the components is discarded and all the training examples are used
for training all classifiers in an ensemble.
Number of features in each group (or number of groups) is a parameter of the
method. The optimal value for this parameter depends on the dataset and it could
be selected with an internal cross validation. Nevertheless, in this work the default
value was used, and groups were formed using three features.
The elimination of classes and examples of the dataset is done because PCA is
a deterministic method, and it would not be difficult (especially for big ensembles)
that some members of the ensemble had the same (or very similar) grouping of
variables. Hence, an additional source of diversity was needed. This elimination is
only done for the dataset used to do PCA, while training of ensemble classifiers is
done using all examples.

5.1 Rotation of Random Forests
This chapter compares basic and most widely used ensemble building techniques
with a novel technique called Rotation of Random Forests (RRF).
Random Forest is based on bagging, using Random Trees as base classifiers.
It is also possible to use the Rotation Forest method using Random Trees as base
classifiers. We call this method Rotation of Random Forests. The same relationship
could be expected between Rotation of Random Forest and Rotation Forest and
then between Random Forest and Bagging, that is, the base classifiers will be less
accurate but more diverse and this could be beneficial for the ensemble.
On the other hand, one of the advantages of Random Forests over Rotation Forest
is that the former are faster. Using Rotation Forest with Random Trees could reduce
this time difference, because it is also possible to construct several Random Trees in
the same rotated space. This is the equivalent to a Rotation Forest ensemble using
Random Forest as base classifiers.
In this chapter, the following configuration is used: ten rotations, with a ten-tree
Random Forest classifier in each rotation.

6 Rotation of a Single Decision Tree Example
This section shows an example to illustrate the procedure of single decision tree
rotation that represents an integral part of Rotation Forest consisting of several such
trees. Decision tree is built using DLBCL-Tumour dataset. Before constructing the
forest, a set of features is selected. For this example, ReliefF [19] selection method
was used. For simplicity reasons, only six features were selected. The selected
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features are M14328 s, X02152, X12447, L19686 rna1, J04988 and J03909 that
represent gene identifiers from DLBCL-Tumour dataset.
The features are randomly grouped. In our example, for one of the trees in the
forest, one of the groups is formed by M14328 s, X12447 at and L19686 rnal; the
other group includes the remaining features. Now we have two datasets, one for each
group. For each of these datasets, a random proper subset of the classes is selected,
and the examples of the classes from the subset are removed from the dataset. For a
two-class dataset, a proper subset has zero or one class, and at least the examples of
one of the classes will remain in the dataset. From the remaining dataset, a subset of
25% randomly selected examples is removed. Then, PCA is applied to the resulting
datasets. The result of PCA is a set of components. For the first group of features,
in a particular run, these components were as follows:
f11 = 0.580 × M14328 s + 0.579 × X12447 + 0.574 × L19686 rna1
f12 = 0.814 × L19686 rna1 − 0.483 × X12447− 0.323 × M14328 s
f13 = −0.748 × M14328 s + 0.657 × X12447 at + 0.093 × L19686 rna1.
And for the second group:
f21 = 0.583 × X02152+ 0.581 × J03909 + 0.568 × J04988
f22 = −0.822 × J04988 + 0.438 × J03909 + 0.365 × X02152
f23 = 0.726 × X02152− 0.686 × J03909 − 0.043 × J04988.
All these components define a new set of features. The original dataset is then
transformed using these components and consists of this new set of features. The
transformed dataset will be used to construct the tree. Note that the removal of
classes and examples is done only for PCA transformation, while the transformed
dataset contains all the training examples. Obtained decision tree is shown in Fig. 1.
A Rotation Forest classifier is formed by several decision trees obtained following
the procedure described above.
In the case of Rotation of Random Forest method, for each transformed dataset,
a Random Forest is constructed.

7 Results
In this section, we extensively compare Rotation Forest and RRF with other methods
in the literature on public gene expression datasets. Dimensionality of each dataset is
reduced before classification using ReliefF feature selection method. RelieF was recently used in an extensive study by Symons and Nieselt [20], where it was selected
as the most effective feature selection method for gene expression classification.
One of the most problematic limitations of supervised classification methods
is overfitting to training set of examples. Especially in cases where learning is
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Fig. 1 An example of a single rotation forest decision tree

performed too long (e.g. neural networks) or where training examples are rare,
the classifier may adjust to specific random variations of the training data that do
not represent true relationships in test data. To solve this problem, we should try
to get the most unbiased estimation of classifier accuracy. This is possible by using a so-called external validation, although there are still many papers that do not
use that kind of validation and are presenting overly optimistic accuracy rates. The
most appropriate methods, according to a study by Ambroise and McLachlan [21],
are repeated k-fold cross-validation [22] or suitably defined bootstrap validation
methods [23].
Following recommendations from Ambroise and McLachlan, a tenfold crossvalidation was used in all experiments. As there were many classifiers that are
using randomness in classifier building process, each tenfold cross-validation was
repeated 20 times. Instances were randomly shuffled and stratified according to the
class values of samples before they were divided into ten subsets, also called folds.
The same procedure was done for all tests except the last experiment where 5 × 10fold cross-validation was used because of very high computational complexity of
testing procedure.
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Table 1 Kent ridge repository datasets overview
Dataset
Source
Genes

Patients

Classes

ALL
ALLAML
Breast
CNS
Colon
DLBCL
DLBCL-NIH
DLBCL-Tumor
Lung
Lung-Harvard
Lung-Michigan
MLL
Ovarian
Prostate

327
72
97
60
62
47
240
77
181
203
96
72
253
102

7
2
2
2
2
2
2
2
2
5
2
3
2
2

Yeoh et al. [25]
Golub et al. [26]
Van’t Veer et al. [27]
Mukherjee et al. [28]
Alon et al. [29]
Alizadeh et al. [30]
Rosenwald et al. [31]
Shipp et al. [32]
Gordon et al. [33]
Bhattacharjee et al. [34]
Beer et al. [35]
Armstrong et al. [36]
Petricoin et al. [37]
Singh et al. [38]

12,558
7,129
24,481
7,129
2,000
4,026
7,399
6,817
12,533
12,600
7,129
12,582
15,154
12,600
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7.1 Data
For effective evaluation of proposed classification methods, a set of 14 gene expression datasets was used. All of them can be downloaded from Kent Ridge Biomedical
Data Set Repository [24] and represent different biomarker classification problems
originating from microarray or mass spectrometry-based studies. Table 1 contains
more details on datasets that can also be found at the above-mentioned repository.
Most datasets from this repository are well known, which were used in many studies
where classification accuracy was important, and they served for benchmarking the
proposed classification methods.

7.2 Classification Accuracy
An important issue in classification performance of gene expression classifiers is
the number of selected genes before the classification algorithm is applied. It is well
known that feature selection can significantly improve the performance of classification and is an integral part of most gene expression classification schemes. Recent
studies [20, 39] show that the most effective classifiers achieve the highest accuracy rates with number of features between 100 and 500 genes. Although feature
selection does not play a significant role when comparing classifiers, two different
feature selection settings were used in our experiments where 100 and 250 features
were selected during cross-validations.
In this study, a set of widely used ensemble building classification methods including Random Forests is compared to two proposed methods – Rotation Forests
and RRF. The first one is a novel classification technique in bioinformatics, while the
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second one proposes an improvement of already proved Random Forests. Compared
ensembles of classifiers were built using 100 classifiers inside Weka [40] machine learning framework. Implementations of all methods can be found in Weka
environment.
Initially, a comparison of both feature selection methods using 100 and 250 best
ranked features was done using average ranks from Friedman test. Results for all six
ensemble building methods from 20 × 10-fold cross-validation were used. Rotation
Forest, RRF and Random Forests achieve the highest ranks. When comparing feature selection method settings, it can be noted that ReliefF with 250 selected features
achieves slightly better results. More detailed results representing averaged 20 × 10fold cross-validation accuracy rates for ReliefF-250 are presented in Table 2. To
directly compare three most accurate ensembles of classifiers, a set of pair-wise
Wilcoxon tests was done where Random Forests, Rotation Forest and RRF were
compared.
There were no significant differences in accuracy of compared classification
methods (using p < 0.05) when results from ReliefF-250-based feature selection
were used. On the other hand, when compared to the rest of the methods a significant difference can be observed.
Even though there are no statistically significant differences when average accuracy is compared between the three most successful methods, one can observe the
superiority of Rotation Forest and RRF by observing the average rank. It can also be
observed that Rotation Forest outperforms Random Forest in 9 of 14 datasets when
average accuracy is compared. RRF goes even further and can outperform Random
Forest in 10 of 14 dataset.

Table 2 Classification accuracy for ReliefF feature extraction using 250 top ranked genes (lower
is better)
Dataset

Bagging

Boosting

Decorate

Random
Forests

Rotation
Forest

RRF

ALL
ALLAML
Breast
CNS
Colon
DLBCL
DLBCL-NIH
DLBCL-Tumor
Lung
Lung-Harvard
Lung-Michigan
MLL
Ovarian
Prostate
Friedman’s Avg.
Rank

87.85 ± 5.2
92.53 ± 9.9
64.57 ± 14.4
63.67 ± 15.5
83.98 ± 12.3
89.25 ± 13.4
61.5 ± 7.8
89.24 ± 9.6
97.49 ± 3.3
92.43 ± 5.5
98.92 ± 3.2
92.3 ± 10.1
98.08 ± 2.3
90.49 ± 9.8
4.44

90.86 ± 4.5
89.67 ± 11.2
64.45 ± 14.4
60 ± 18.2
77.79 ± 14.2
86.33 ± 16
60.02 ± 8.2
88.71 ± 10.4
95.58 ± 4.9
93.89 ± 4.9
98.92 ± 3.2
92.27 ± 10.6
98.42 ± 2.2
90.98 ± 8.8
4.54

86.13 ± 5.2
94.97 ± 7.8
63.74 ± 13.9
59.5 ± 17.9
83.54 ± 12.3
92.48 ± 12
60.77 ± 9
90.08 ± 9.4
99.18 ± 2
92.83 ± 5.1
97.96 ± 4.1
94.92 ± 7.3
98.68 ± 2
91.59 ± 8.9
4.08

89.67 ± 4.1
97.07 ± 6.3
68.02 ± 13.6
64.42 ± 13.6
83.27 ± 13.3
94.15 ± 9.8
62.21 ± 8.3
92.54 ± 8.8
99.17 ± 2
92.79 ± 4.9
99.42 ± 1.6
94.82 ± 7.8
99.31 ± 1.6
93.26 ± 8.1
2.88

91.38 ± 4.2
95.55 ± 6.9
68.23 ± 13.3
60.58 ± 15.5
84.26 ± 12.6
93.58 ± 11.3
62.13 ± 7.9
95.66 ± 7
99.23 ± 1.9
93.57 ± 5
100 ± 0
93.56 ± 8.4
99.72 ± 0.8
93.6 ± 7.8
2.45

88.97 ± 4.4
97.63 ± 5.2
68.42 ± 13.4
65.33 ± 15.8
84.24 ± 13.2
94.33 ± 10.3
61.83 ± 8.5
94.54 ± 7.8
99.23 ± 1.9
92.77 ± 5.1
99.64 ± 1
93.38 ± 8.9
99.35 ± 1.4
93.46 ± 7.7
2.66
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8 Conclusions
This chapter presents a novel Rotation Forest-based classification method for
genomic and proteomic classification problems. It also includes experiments
comparing leading supervised data mining approaches on a wide range of gene
expression classification problems. The results, based on average ranks and average accuracy, indicate that Rotated Random Forest and Rotation Forest can be
considered as two of the most accurate ensembles of classifiers in gene expression
classification. It is also evident that both methods can improve the performance of
Random Forest classifier that was described by Diaz-Uriarte et al. [1] as a “part of
the standard tool-box of methods for the analysis of microarray data”.
The main motivation for the use of Rotations of Random Forest is that they are
faster than Rotation Forests; in this chapter, the used configuration was ten rotations
for ensemble, with a ten-tree Random Forest for each rotation. If time is not a cause
of main concern, it is possible to construct each Random Tree in a different rotated
space. This would improve the diversity among base classifiers without a penalty
in their accuracy. It remains to be seen if this configuration would be better than
Rotation Forests.
In the near future, when microarray datasets with larger number of samples will
become available, Rotated Random Forest can become a rational solution to classification problems, because of low time complexity compared to more accurate
Rotation Forest. It should be noted that both methods proved to return more reliable
results in comparison to Random Forests in most cases.
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