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Abstract

Classification with high-dimensional data is a significant challenge in machine learning
because the abundance of features in high-dimensional data makes it difficult to identify mean-
ingful patterns, which leads to overfitting and reduced classification performance. Moreover,
the computational cost of processing high-dimensional data is often prohibitively expensive,
requiring specialized hardware or optimized algorithms. Ensemble learning is a powerful
machine learning technique that combines multiple models to improve classification accuracy.
By aggregating the predictions of multiple models, ensemble learning can reduce overfitting,
increase robustness, and improve performance on a wide range of real-world classification
problems. Ensemble learning is effective for classification with high-dimensional data because
it can combine multiple models to mitigate the effects of the curse of dimensionality, reduce
overfitting, and enhance generalization performance. By using different learning algorithms
or subsets of features, ensemble learning can improve the diversity of the models, leading
to better overall performance on high-dimensional data. This paper proposes two hybrid
ensemble machine learning approaches that integrate random subspace ensemble with bagging
and boosting to enhance classification performance with high-dimensional data. Experimental
results demonstrate that these methods significantly improve classification accuracy with high-
dimensional data.

Index terms

Classification, ensemble learning, high-dimensional data, RSE, bagging, boosting.

1. Introduction

Classification is a machine-learning technique that involves grouping data into differ-
ent categories or classes based on their similarities and differences. It is a supervised
learning approach that requires labeled training data to build a predictive model that
can classify unseen instances [1]. The main objective of classification is to accurately
predict the class label of a new instance based on the information available in the
training data. To achieve this, various classification algorithms such as decision trees,
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support vector machines, and artificial neural networks have been developed over the
years. The choice of algorithm depends on the nature of the problem and the properties
of the data. Classification is widely used in a variety of applications, such as image
recognition, spam filtering, and sentiment analysis [1], [2].

Classification of high-dimensional data is a complex task in machine learning due to
various challenges that arise when dealing with large feature spaces [3]. One of the main
difficulties is the curse of dimensionality, which refers to the exponential increase in
the number of possible configurations of data points as the dimensionality grows. This
makes it challenging to accurately estimate the underlying probability distribution of the
data and may lead to overfitting [4], [5]. In addition, high-dimensional data often suffer
from sparsity, where most of the features have a value of zero, and noise, which can
obscure the underlying patterns in the data. Another issue is the presence of irrelevant
and redundant features, which can negatively impact the performance of classification
models by introducing noise and increasing the computational complexity [6].

Several solutions have been proposed to address these challenges of classification
with high-dimensional [6]. One solution is feature selection, which aims to identify the
most relevant features while discarding irrelevant and redundant ones [3], [5]. Another
solution is feature construction, which transforms the high-dimensional data into a
lower-dimensional space while preserving the most informative features [4]. Ensemble
learning is another solution that combines multiple base classifiers to improve the overall
accuracy and robustness of the classification model [7]. The choice of the appropriate
solution depends on the specific characteristics of the data and the requirements of the
classification task [6].

Ensemble learning is a powerful technique that aims to improve the accuracy and
robustness of machine learning models by combining the predictions of multiple base
models. It is particularly effective when the individual models have different strengths
and weaknesses and can complement each other [8]—[10]. Ensemble methods can be
classified into two main categories: bagging and boosting [11], [12]. Bagging generates
multiple subsets of the training data and trains a base model on each subset. The final
prediction is obtained by averaging the predictions of the base models [11]. Boosting,
on the other hand, trains a series of base models iteratively, giving more weight to
the instances that are misclassified in the previous iteration [12]. Ensemble learning
has been shown to significantly improve the performance of machine learning models
in various domains, including image classification, natural language processing, and
bioinformatics [8]-[10].

The RSE approach is a popular ensemble learning technique that aims to address
the challenges of high-dimensional data by training multiple base models on random
subsets of the feature space [13]. This method can enhance the accuracy and robustness
of machine learning models and is particularly useful for large feature spaces that have
irrelevant or redundant features. By randomly selecting subsets of the feature space for
each base model, this approach can effectively reduce the dimensionality of the problem
and improve the model’s generalization performance [14]. RSE has demonstrated its
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effectiveness in various classification tasks such as image and text classification, and
has found application in many real-world scenarios. However, it is essential to carefully
select the model’s hyperparameters, including the number of base models and the size
of the feature subset, to achieve optimal performance [13], [14].

A hybrid ensemble method is a machine learning technique that combines multi-
ple types of ensemble methods to leverage individual strengths and overcome their
weaknesses. While different ensemble methods can be effective in addressing different
sources of error, no single method is universally best for all problems. Hybrid ensemble
methods can help to overcome this limitation by combining the strengths of different
methods, resulting in a more comprehensive and accurate model. Studies in [15]-[17]
have shown that bagging, when combined with RSE, provides better results than using
bagging or RSE alone. When combined with RSE, studies in [18], [19] have also
demonstrated that boosting produces superior outcomes compared to using boosting
or RSE in isolation. However, the systematic study of combining RSE with bagging or
boosting for classification with high-dimensional data has not been explored. Therefore,
this paper proposes and evaluates the effectiveness of combining RSE with bagging and
boosting for classification with high-dimensional data.

1.1. Goals

In this paper, our primary objective is to introduce hybrid ensemble machine learning
techniques designed to classify high-dimensional data. Our focus is to explore and
provide solutions to the following key questions:

1) In what ways can we effectively combine bagging with RSE to classify high-
dimensional data?

2) In what ways can we effectively combine boosting with RSE to classify high-
dimensional data?

3) Can the integration of RSE with bagging enhance the accuracy of high-dimensional
data classification?

4) Can the integration of RSE with boosting enhance the accuracy of high-dimensional
data classification?

1.2. Organisation

The paper is structured as follows: Section 2 provides an overview of related work,
while Section 3 outlines the proposed method. Section 4 details the experimental design,
the results and the discussion. Finally, Section 5 concludes the paper and highlights
future work.

2. Related work

This section presents related work including ensemble learning, RSE, and classifica-
tion with high-dimensional data.
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2.1. Ensemble learning

Ensemble learning is a popular machine learning technique that involves combining
multiple individual models to create a stronger and more accurate prediction model
[8]. Ensemble learning works by combining the predictions of several different models,
each trained on different subsets of the data or with different algorithms. The idea
behind ensemble learning is that by combining the predictions of multiple models, the
overall accuracy and robustness of the prediction model can be improved [9]. Ensemble
learning can be used with a wide range of machine learning algorithms, including
decision trees, neural networks, and support vector machines. One of the key benefits
of ensemble learning is that it can help to reduce overfitting, which is a common problem
in machine learning where a model performs well on the training data but poorly on
new data [9], [10].

Bagging, or Bootstrap Aggregating, is a popular ensemble learning technique in
machine learning that involves generating multiple models using subsets of the training
data [11]. Bagging works by randomly selecting subsets of the training data with
replacement, and training a separate model on each subset. The individual models are
then combined using a simple averaging technique, known as the ensemble. The key idea
behind bagging is that by creating multiple models that are diverse and have been trained
on different subsets of the data, the overall variance and instability of the prediction
model can be reduced [11]. Bagging can be used with a wide range of machine learning
algorithms, including decision trees, random forests, and neural networks [20]. One of
the key benefits of bagging is that it can help to reduce overfitting, a common problem
in machine learning where a model performs well on the training data but poorly on
new data [9]-[11].

Boosting is another popular ensemble learning technique in machine learning that
involves combining multiple weak models to create a stronger and more accurate pre-
diction model [12]. Unlike bagging, boosting works by iteratively adjusting the weights
of the training examples to focus on the examples that were previously misclassified.
In each iteration, a new weak model is trained on the updated weights of the training
data, and added to the ensemble. The key idea behind boosting is that by focusing on
the examples that are difficult to classify, the overall accuracy of the prediction model
can be improved [21]. Boosting can be used with a wide range of machine learning
algorithms, including decision trees, neural networks, and support vector machines. One
of the key benefits of boosting is that it can help to reduce bias, a common problem in
machine learning where a model is too simplistic and fails to capture the complexity
of the data [9], [12].

2.2. Random subspace ensemble

RSE is an ensemble learning technique that combines bagging and feature selection
to improve the performance of machine learning models [13]. The main idea behind
RSE is to randomly select subsets of features from the original dataset and use them to
train individual models. The models are then combined using an averaging technique
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to produce the final prediction. By using subsets of features, RSE can reduce the
dimensionality of the data and improve the accuracy of the models, particularly for high-
dimensional datasets [13], [22]. Algorithm 1 shows the main steps of RSM algorithm.

Algorithm 1: The training process of RSM

Input:
D, the original training data
m, the number of original features
n, the number of selected features
P, the number of learnt classifers
B, a classifier learning algorithm
Output:
H, a set of learnt classifiers
1 forp< 11t P do
2 randomly select n features from m original features
/* project D on the selected features by removing
not selected features on each sample */
3 DP <« project D on the p selected features
/* construct one classifier by using DP as
training data */
4 classifier, < B(DP)
5 H < H Uclassifier,
¢ end
7 return H;

One of the key advantages of RSE is its ability to handle high-dimensional datasets
[7], [14]. In these datasets, the number of features can be much larger than the number
of samples, making it difficult for traditional machine learning models to make accurate
predictions. By using subsets of features, RSE can reduce the dimensionality of the data
and improve the performance of the models. RSE can also help to reduce overfitting, a
common problem in machine learning, by creating multiple models that are trained on
different subsets of the data [14].

RSE can be used with a wide range of machine learning algorithms, including decision
trees, neural networks, and support vector machines [23], [24]. It has been shown to
improve the performance of these algorithms, particularly for high-dimensional datasets.
However, the performance of RSE can be sensitive to the choice of hyperparameters,
such as the number of features and the number of models in the ensemble. Therefore,
careful tuning of these hyperparameters is necessary to achieve optimal performance.
Overall, RSE is a powerful technique for improving the performance of machine learning
models, particularly for high-dimensional datasets [14], [23].
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2.3. Classification with high-dimensional data

In recent years, high-dimensional data has become increasingly prevalent in many
fields, including biology, finance, and social sciences [6]. High-dimensional data refers
to data sets that have a large number of features or variables compared to the number of
samples. In many cases, traditional machine learning methods may struggle to analyze
such data due to the curse of dimensionality. Therefore, specialized techniques and
algorithms have been developed to address the challenges of high-dimensional data in
machine learning [3]-[5].

One approach for dealing with high-dimensional data in machine learning is feature
selection or dimensionality reduction [3], [4]. Feature selection aims to select the most
relevant features for the task at hand and discard the rest [3]. Dimensionality reduction,
on the other hand, aims to transform the data into a lower-dimensional space while
preserving important information [4]. Both methods can help to reduce computational
complexity and improve the accuracy of machine learning algorithms [3], [4].

Another approach is to use ensemble learning, which combines multiple models to
improve prediction accuracy [25], [26]. Ensemble learning is particularly effective in
dealing with high-dimensional data because it can handle noisy or redundant features by
averaging out their effects. Ensemble methods, such as random forest, have been shown
to be highly effective for classification with high-dimensional data. By leveraging the
strengths of multiple models, ensemble learning can improve classification performance
and overcome the challenges of high-dimensional data [25], [26].

Overall, machine learning for classification with high-dimensional data is a challeng-
ing task that requires specialized techniques and algorithms. Feature selection, dimen-
sionality reduction, and ensemble learning are among the most effective approaches for
dealing with high-dimensional data in machine learning. By applying these techniques,
researchers can better analyze and extract valuable insights from high-dimensional data
sets in a wide range of fields [3], [4].

3. The proposed method

We propose two hybrid ensemble machine learning approaches for cancer classifi-
cation from gene expression data. The first approach is to integrate bagging into RSE,
and the second one is to integrate boosting into RSE. Algorithm 2 shows the first
approach, and Algorithm 3 shows the second approach. The purpose of the integration
is to promote the advantages of RSE, bagging and boosting in classifying cancer gene
expression data.

The proposed algorithm presented in Algorithm 2 aims to improve classification
performance by integrating two ensemble learning techniques: RSE and Bagging. The
first step in this approach involves using RSE to generate a subset of training data
with a sub of features. By reducing the feature space before applying Bagging, the
algorithm can build more accurate classifiers that are less prone to overfitting. Once
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Algorithm 2: The training process of random subspace bagging ensemble
(SubBag)

Input:
D, the original training data
m, the number of original features
n, the number of selected features
P, the number of random subspace classifers
K, the number of bagging classifers
B, a base classifier learning algorithm
Output:
H, a set of learnt classifiers
for p < 1t P do
randomly select n features from m original features
XP? <« project X on the p selected features
for k< 11t K do
X? < Bootstrap(X")
HY  B(XY)
H, — H, U H,
end
H+—HUH,

o R 9 N R W N =

10 end
11 return H;

the sub training data has been generated, Bagging is used to build a set of classifiers
from this data. By using multiple models and averaging their predictions, Bagging can
reduce variance and improve the robustness of the classifier. The integration of RSE and
Bagging aims to capitalize on the strengths of both techniques. By reducing the feature
space before applying Bagging, the algorithm can build more accurate classifiers that
are less prone to overfitting. This is particularly important in high-dimensional data,
where overfitting can be a significant problem due to the large number of features.

Algorithm 3 presents the second approach proposed for improving classification
performance using ensemble learning. In this approach, RSE is used to generate sub
training data with a subset of features, similar to the first approach. However, instead of
using Bagging, Boosting is used to build a set of classifiers from this sub training data.
By integrating RSE and Boosting, the proposed algorithm aims to leverage the strengths
of both techniques to improve classification performance. By reducing the feature space
with R, the algorithm can mitigate the effects of the curse of dimensionality, while
Boosting can build a more accurate classifier that is robust to overfitting.

In summary, the first algorithm integrates RSE and Bagging, which involves gener-
ating a subset of training data with a sub of features using RSE, and then building a
set of classifiers using Bagging. This approach aims to reduce overfitting and improve
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Algorithm 3: The training process of random subspace bagging ensemble
(SubBoost)

Input:
D, the original training data
m, the number of original features
n, the number of selected features
P, the number of random subspace classifers
K, the number of boosting classifers
B, a base classifier learning algorithm
Output:
‘H, a set of learnt classifiers
1 for p< 11t P do
randomly select n features from m original features
XP <+ project X on the p selected features
X7+ X?
for k < 1 t0o K do
HY + B(X])
Hy < H, U HY
X7, + AdjustDis(X},H,)
end
10 H<+—HUH,
1 end
12 return H;

LRI B L7 B - I S

accuracy in high-dimensional data. The second algorithm integrates RSE and Boosting,
which also involves generating a subset of training data with a sub of features using
RSE, but building a set of classifiers using Boosting instead. This approach aims to
mitigate the curse of dimensionality and build a more accurate and robust classifier.

4. Experiment design and results
4.1. Experiment design

The approaches were assessed through experiments conducted on 12 high-dimensional
gene expression datasets obtained from the benchmark study in [27]. Table 1 displays
the key features of the datasets, including their names, tissue types, number of samples
and genes, number of cancer types, and the distribution of samples across classes. The
datasets used in the experiments have a relatively small number of samples and are
often imbalanced, rendering traditional ten-fold cross-validation ineffective. To address
this issue, leave-one-out cross-validation (LOOCV) is employed, whereby each dataset
is partitioned into various training-test set pairs. Specifically, LOOCYV utilizes a single
sample as the test set and the remaining samples as the training dataset. Consequently,
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Table 1. Datasets used in the experiments

Dataset Tissue #Sample #Genes (#Features) #Classes Dist. Classes
alizadeh-v1 Blood 42 3687 2 21, 21
alizadeh-v2 Blood 62 3374 3 42,9, 11
alizadeh-v3 Blood 62 3374 4 21, 21,9, 11
bredel Brain 50 20000 3 31, 14, 5
Bittner Skin 38 2201 2 19, 19
Bredel Brain 50 1739 3 31, 14, 5
Dyrskjot Bladder 40 1203 3 9, 20, 11
Golub-v1 Bone marrow 72 1868 2 47, 25
Golub-v2 Bone marrow 72 1868 3 9, 20, 11
Liang Brain 37 1411 3 28, 6, 3
Nutt-v3 Brain 22 1152 2 7, 15
Risinger Endometrium 42 1771 4 13, 3,19, 7

the number of training and test set pairs produced by LOOCYV for each dataset equals
the number of samples in the dataset.

Similar to ensemble learning algorithms, any decision tree algorithm can be used as
a base classifier for the proposed method. The C4.5 algorithm is one of the most widely
used decision tree algorithms; therefore, it has been chosen as the base classifier for the
proposed method and the benchmark methods. The classification algorithm employed
is C4.5, and all algorithms are implemented using WEKA [28]. The proposed methods
are compared with popular ensemble machine learning techniques such as bagging,
boosting, random forests, and RSE in the experiments. The parameters of C4.5 are
set uniformly for the ensemble methods and default parameters are used in WEKA.
Specifically, the confidence threshold for pruning is set to 0.25, the minimum number
of instances per leaf is set to 2, and the number of folds for reduced error pruning is set
to 3. To ensure fairness among ensemble methods, all ensemble methods are configured
with the same number of base classifiers, which is 200. For the two proposed methods,
SubBag and SubBoost, in order to achieve 200 base classifiers, the parameter P is set
to 20, and the parameter K is set to 10.
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Table 2. Classification error of different methods using C4.5 as classifier

Datasets SubBag Bag SubBoost Boost Sub RanFor Single
alizadeh-v1 2.38 7.14 7.14 26.19 9.52 9.52 38.09
alizadeh-v2 0.00 1.61 1.61 11.29 3.22 3.22 11.29
alizadeh-v2 1.61 3.22 3.22 20.96 3.22 3.22 32,25
bredel 14.00 16.00 16.00 24.00 24.00 16.00 48.00
Bittner 15.78 15.78 13.15 34.21 18.42 18.42 57.89
Bredel 14.00 18.00 16.00 16.00 16.00 19.99 18.00
Dyrskjot 749 25.00 12.50 19.99 15.00 15.00 27.50
Golub-vl 2.77 6.94 2.77 12.50 2.77 2.77 18.05
Golub-v2 4.16 4.16 4.16 6.94 4.16 9.72 4.16

Liang 5.40 13.51 5.40 24.32 5.40 10.81 24.32
Nutt-v3 13.63 31.81 18.18 59.09 31.81 9.09 59.09
Risinger 21.42 28.57 23.80 42.85 23.80 28.57 61.90

4.2. Results and discussion

The classification error for the proposed methods and benchmark methods is displayed
in Table 2, where abbreviations are utilized to represent different methods. Specifi-
cally, the proposed methods presented in Algorithm 2 and Algorithm 3 are denoted as
“SubBag” and “SubBoost”, respectively. The other methods are referred to as “Bag”,
“Boost”, “RanFor”, “Sub”, and “Single”, corresponding to Bagging, Boosting, RSE,
Random Forest, and a single classifier, respectively.

Table 2 indicates that the proposed hybrid ensemble methods can effectively decrease
the classification error compared to solely utilizing Bagging or Boosting. Specifically, in
10 out of 12 cases, the “SubBag” algorithm outperforms “Bag”, with the two algorithms
having the same accuracy in the remaining 2 cases. Therefore, the combination of Bag-
ging and RSE yields superior outcomes than using solely Bagging. Similarly, in 11 out
of 12 cases, the “SubBoost” algorithm surpasses “Boost”, and the two algorithms have
the same accuracy in the remaining case. Consequently, the combination of Boosting
and RSE also provides better results than utilizing only Boosting.

Table 2 also demonstrates that the proposed hybrid ensemble methods can effectively
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decrease the classification error compared to solely utilizing RSE. Specifically, in 9 out
of 12 cases, the “SubBag” algorithm outperforms “Sub”, and the two algorithms have
the same accuracy in the remaining 3 cases. Therefore, the combination of Bagging
and RSE yields better results than utilizing solely RSE. Similarly, in 6 out of 12 cases,
the “SubBoost” algorithm outperforms “Sub”, and the two algorithms have the same
accuracy in the remaining cases. Thus, the combination of Boosting and RSE also
provides better outcomes than utilizing solely RSE.

Table 2 illustrates that the proposed methods outperform Random Forest. Specifically,
in 10 out of 12 cases, the “SubBag” algorithm surpasses “RanFor”, and in 8 out of 12
cases, the “SubBoost” algorithm outperforms “RanFor”. Additionally, it is evident that
all the ensemble methods significantly outperform utilizing only a single classifier.

In summary, the experimental results show that both proposed methods can reduce
classification error compared to using only Bagging, Boosting, or RSE. The results also
demonstrate that using ensemble methods is much better than using a single classifier.

5. Conclusions

The paper proposed two hybrid ensemble machine learning approaches for classifying
high-dimensional data. Both methods leverage ensemble learning techniques to deal
with high-dimensional data and improve classification performance. The first approach
integrates RSE with bagging, which first generates sub-training data with a subset
of features, and then builds a set of classifiers using bagging. The purpose of this
integration is to use RSE to reduce feature space before using bagging to build more
accurate classifiers. The second approach integrates RSE with boosting, which also
generates sub-training data with a subset of features and builds a set of classifiers
using boosting. By leveraging the strengths of both RSE and boosting, this approach
can effectively deal with the challenges posed by high-dimensional data and improve
classification performance. Experimental results have shown that both methods can im-
prove classification accuracy for high-dimensional data. Overall, the proposed methods
provide an effective approach for improving classification with high-dimensional data
using ensemble learning.
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HOC CONG PONG CHO PHAN LGP VOI DU LIEU
NHIEU CHIEU

Tran Cao Trudng

Tém tit

Phan loai v6i du liéu nhiéu chiéu thu’dng gap nhiéu thach thiic nhu hién tugng qua khép
(overfitting), hiéu suit phan loai gidm, va yéu cdu tinh toan cao. P& céi thién hiéu sudt phan
loai, bai bao gidi thi¢u hai phlmng phdp hoc cong dong méi (ensemble learning) dya trén
viéc tich hdp phuong phdp hoc cong dong Iwa chon ngdu nhién cic tdp thudc tinh (RSE:
Random subspace ensemble) v4i bagging va boosting.

Phuong phap dau tién tich hgp RSE vdi bagglng, gilup giam khong gian dac trung béng
cach tao ra cac tap dit liéu con véi tap con cdc thudc tinh, sau do6 sit dung bagging dé xay
dung mot tap cic bd phan 16p. Phuong phip két hop nay gilp tao ra nhiing bd phan loai
chinh xac hon.

Phuong phap thd hai tich hgp RSE véi boosting, tao ra cac tap di liéu con véi tap con
cac thudc tinh va st dung boostmg dé xay dung mot tap céac b phan loai. PhLIdng phap nay
tdn dung nhu’ng vu diém clia cd RSE va boosting dé€ giai quyét cac thach thic ctia di¥ lidu
nhiéu chiéu, cai thién hiéu suét phan loai.

Ca hai phuong phdp déu dugc kiém ching thong qua cdc thi nghiém, két qua cho thay
ca hai phu’dng phdp déu cii thién ding ké do chinh xdc phan loai vé6i du licu nhiu chleu
Téng thé, cic phu'dng phap hoc cong dong dé xudt trong bai bao cung cip mot cach tiép can
hiéu quéa dé€ cai thién viéc phan loai dit liéu nhiéu chidu bang hoc cong dong.

Tu khoa
Phén 16p, hoc cong ddng, dit liéu nhiéu chiéu, RSE, Bagging, Boosting.



