International Journal of Database and Theory and Application
Vol.9, No.2 (2016), pp. 109-118
http://dx.doi.org/10.14257/ijdta.2016.9.2.12

An Effective SVM Ensemble Algorithm Based on Different
Thresholds of PCA
Yukai Yao1,a, Bo Wang2, Qingjun Yang2,3, Dongsheng Ji2, Tao Ma2 ,* and
Xiaoyun Chen2,b
1

College of Computer and Communication, Lanzhou University of Technology,
247 Lan’gongping Road, Lanzhou 730050, China;
2
School of Information Science & Engineering, Lanzhou University,
222 South Tianshui Road, Lanzhou 730000, China;
3
Qinghai Province Meteorological Bureau,
19 Wusi Road, Xi’ning, China.
a
yaoyukai@163.com; bchenxy@lzu.edu.cn
Abstract

This paper proposes an effective ensemble classifier, named PCAenSVM, which
consists of ten weak Support Vector Machine classifiers based on different Principal
Component Analysis thresholds. Those ten base Support Vector Machine classifiers are
made up to fulfill classification tasks using Majority Voting strategy. Experiments are
made on four UCI data sets and a data set from the Uppsala University to evaluate the
performances of PCAenSVM. The results of PCAenSVM are compared with that of
LibSVM and EnsembleSVM. Experimental results show that PCAenSVM has better
classification accuracy than other two algorithms. Moreover, PCAenSVM has the same
confidence level with the LibSVM, and its confidences of accuracy and sensitivity on those
five data sets outperform that of the EnsembleSVM.
Keywords: Support Vector Machine, Ensemble Methods, Principal Component
Analysis, Majority Voting, Classification

1. Introduction
Support Vector Machine (SVM) is a hopeful classification and regression algorithm,
which is based on the VC Dimension theory and the Structural Risk Minimization theory,
both of which are the core contents of the Statistical learning Theory. SVM was first
presented by Cortes and Vapnik in 1995 [1], and it has been applied successfully in text
categorization, bioinformatics, speech recognition and other domains.
The study and application of SVM has been one of the focuses in the field of machine
learning for more than ten years. Least squares SVM was proposed by J.A.K. suykens and
J. Vandewalle in 1999, a set of linear equations has to be solved instead of a quadratic
programming problem in this method. The least squares SVM can be used in more
classification problems [2]. Weighted SVM achieved an excellent result on balanced data
sets [3]. Active learning with SVM was proposed by Simon Tong in 2002, the method
was effective on small datasets [4]. Classifier ensemble is one direction of machine
learning research, and an ensemble of classifiers can improve the performance of an
individual classifier [5]. The ensemble method was introduced to SVM in 2002, and, it
outperformed a single SVM in terms of accuracy [6]. A data driven ensemble classifier
was used in credit scoring system by Hsieh and Hung in 2010, and it showed significantly
better performance than that of the conventional ensemble classifiers [7]. A KNN-SVM
ensemble classifier was applied to predict the subcellular localization of eukaryotic
proteins, and a good performance of predictions was achieved [8]. A SVM ensemble was
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used in steganalysis of digital media, which reduced the training complexity [9]. Recently,
Ensemble classifier has been a research focus of machine learning. Base (or weak)
classifiers are important for an ensemble classifier. One method is using the same
classification algorithms to aggregate the ensemble classifier, the other method is to use
different classification algorithms to form an ensemble classifier. LibSVM is a SVM tool,
which is implemented by Professor Chih-Jen Lin in the National Taiwan University [15].
EnsembleSVM is a free software package, which uses Support Vector Machines (SVMs)
as base models to achieve ensemble learning [16].
Although lots of improvements of the adapting and using for SVM have been made,
most of them are limited to solve the special problems or tasks, and the overall
performances of them are still undesirable. In this paper, we adopt the first ensemble
strategy mentioned above to construct the SVM ensemble: different base SVM classifiers
are based on different PCA thresholds, and ten PCA based SVM classifiers are aggregated
using majority voting method. Diversity is necessary for obtaining an accurate ensemble
[10-12], and it inspired our idea of presenting PCAenSVM. PCA is the tool which is used
to produce the diversity among base classifiers in this paper. PCA is a preprocessing
method which can reduce redundancy of high-dimensional data while retaining the
important information of data. Retaining different principal components, several new
datasets will be created. Training on such new datasets independently, several base
classifiers can be produced. Then, these base classifiers are grouped together using the
majority voting strategy, thus an ensemble classifier is produced, which can be used to
classify the test data.
The performance of the proposed ensemble algorithm PCAenSVM is evaluated on five
different datasets, and the experimental results show that PCAenSVM can achieve a
higher accuracy than LibSVM and the EnsembleSVM, while spending a little more time
than LibSVM and EnsembleSVM.

2. Principal Component Analysis
PCA is a technique that can reduce or eliminate redundancy of high-dimensional data
[17]. Using linear transformation, PCA can reduce the dimensionality of data while
retaining most of the information in the datasets.
Given training set X, which has N data, a D-dimensional attribute, it may create a
matrix of N*D. Using PCA technique, the original data space is mapped into a Mdimensional subspace, the data Xpca is generated which contains the same information
with X, while Xpca is a matrix of N*M, Where M≤D. The low letter u is unit vector in
M-dimension of training set after mapped. Let X be the mean vector of training set X, it
can be calculated using Eq.1.
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Where S is the covariance of training set X. The goal is to maximize the covariance Eq.
2. Because u vectors are orthogonal vectors, Lagrange multiplier method can be
introduced to solve the optimization problem, then a constrained equation is constructed
as Eq. 3
T
T
(3)
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By differentiating on u, the maximum value can be obtained, letting the differential
coefficient equal to zero, Eq. 4 can be obtained.
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Where λwill be for the eigenvalues of the covariance matrix S, and u is its
corresponding eigenvector. Then Xpca can be calculated as Eq. 5
X pca  S u
(5)
Where X_pca is a matrix of N*M which can be the new training set instead of X, thus
reducing the number dimensions and computational cost. Given different thresholds, after
PCA processing, different Xpca which represents different number of principal
components are obtained. PCA is performed with a threshold ranging from 10% to 100%,
and ten new training sets are generated in this paper.

3. Support Vector Machine Classification
In this section, a brief of the SVM classifier is provided. A simple SVM classifier is
used to separate the data set into two classes.
As shown in Figure 1, each black or small white dot is a data (xi,yi), where x_i∈R^N,
y_i∈{-1,1}. The function g(x)=w∙x+b is a hyperplanes, then g(x)=-1 and g(x)=1 are two
hyperplanes paralleling to g(x)=0. There are many hyperplane which can separate these
data into two class. The goal is to maximize the margin between g(x)=0 and g(x)=1. The
hyperplane g(x)=0 is called optimal separating hyperplane (OSH) and the data on OSH
are called support vectors [18]. The distance between data xi and the hyperplane g(x)=0
is calculated as d=|g(x_i )|/ ‖ w ‖ . Maximizing the margin is equivalent to
maximizing ‖ w ‖ 2. Thus, the problem to find optimal separating hyperplane is
summarized as Eq. 6.
m in
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Eq. 6 is a constrained minimization problem and it can be solved using Lagrange
*
*
f (x 
) 
 si y x g xi  b n
multipliers.
i R
(7)
Eq. 7 is the final decision function of SVM. Given a test data xt, which class the data
belongs to depends on the decision functionf(xt).
In most cases, as showed in Figure 2, training set does’t be separated by a hyperplane,
kernel functions is introduced to solve this problem. Kernel functions has been used to
mapped data set into a higher dimension space [19]. Therefore, the mapped data set can
be separated by a OSH. Then decision function is calculated according to Eq. 8.
*
*
*
f ( x )  sg n {
 i yi K ( xi , x )  b }
(8)
i R
There are four frequently-used kernel functions which are used to map low-dimension
data space into higher-dimension data space. They are linear, polynomial, radial basis,
and sigmoid [20]. Radial Basis Function (RBF) kernel function is used in this paper. A
SVM tool named LibSVM is used to make binary classification.
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Figure 1. Linearly Separable

Figure 2. Linear Inseparable

4. Ensemble of Classifiers
Ensemble is a statistical and machine learning method. An ensemble classifier
consisted by a group of several base classifiers. These independent base classifiers’
classification results on test datasets are combined in some strategy to make a collective
decision. An ensemble of classifiers often give a better performance than individual
classifiers [13]. Majority voting, least squares estimation based weighting, and doublelayer hierarchical combination are often used to combine the base results to make the final
decision [6]. Majority voting is adopted in this paper. Diversity is the key to produce an
accurate ensemble classifier [10-12]. Training on different datasets will produce different
base classifiers. And how to generate new training datasets by sampling the training set is
important. Both bagging and Adaboost select samples from the original training dataset
with replacement randomly. They allow the original samples to be repeated in the new
training dataset, while others may be left out [14]. Bagging and adaboost are two classical
meta-algorithms to aggregate an ensemble classifier.

5. Ensemble SVC on different thresholds of PCA
Bagging [21], AdaBoost [22] and Random Forest [23] are used generally to sample a
diversity of training sets from original data, then a series of classifiers on these new
training sets are trained independently. These new produced classifiers can be combined
together using majority voting or other methods to make a final decision on testing set. In
order to produce a diversity of datasets from original datasets, principal component
analysis (PCA) is utilized in this paper. A PCA process is equivalent to a sampling in
bagging or adaboost. Given ten different threshold from ten percent to one hundred
percent, ten different training sets can be created. The optimal separating hyperplane of
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these ten training sets will also differs from each other. These new datasets contain
different amount of principal components, ranging from ten percent to a hundred percent.
This idea is the source of PCAenSVM algorithm. Algorithm 1 shows the pseudo code of
the PCAenSVM.

Algorithm 1: PCAenSVM
Input: original instances xraw
Output: predicted label and classification accuracy
1: divide the original data xraw into testing dataset xt, yt and training set xtr, ytr,
using random sampling;
2: for i = 1 →10 do
3:
4:

threshold←i*10/100
perform PCA on on both xtr and xt, output is xtrpca and xtpca

5:

use SVM to produce a model mi and predicted label Plabeli

6: end for
7: perform majority voting on Plabeli and ouput the last label Plabel and the
classification accuracy
Random sampling is used to select testing set. The testing set are about a third of the
original data set in our experiments. Maintaining ten different amount of principal
components, ten different training sets are generated from original training sets. Each new
training set is smaller than original training set but maintain most information of original
training set. On these new training sets, ten different SVM classifiers will be obtained.
These ten SVM classifiers can be combined to classify the testing set using the strategy of
majority voting. The Figure 3 presents the framework of the ensemble SVM classifier
using majority voting method.

Figure 3. The Framework of PCAenSVM

6. Experiments and Analysis
The performance of PCAenSVM is compared with that of the LibSVM and an
ensemble SVM algorithm named EnsembleSVM. Experiments are done on five different
data sets. RBF kernel function is chosen in the experiments. Parameter c is set to 1 and
gama is set to the default value which equal to one of the number of features of data. The
program is implemented in Matlab and run on an machine has the configuration of Intel
Core 2 Duo with 2.53GHz CPU and 3GB RAM.
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Four data sets from the UCI machine learning repository and another data set
from Jan Conrad of Uppsala University are adopted as our experimental data, all of
which are preprocessed by Chih-Jen Lin [24]. Training set is about two thirds of the
original data set, and the rest one thirds is used as testing set. These five data sets
are described in Table 1. In order to make binary classification, data sets are
processed. Splice has 3 classes which include EI, IE and Neigher. EI data and IE
data are merged into one class and both of these two kinds of DNA sequence are
regard as splice position. There are also 3 classes in datasets Cardiotocography,
including normal, suspect and pathologic. Suspect data and pathologic data are
regarded as one class in this paper, which are set to the label -1, and the normal data
are set to 1.
Table 1. Data Sets Description

DataSets Name

Source

Training size

Testing size Feature size

Cardiotocography

UCI

1500

626

22

Splice

UCI

1186

1400

180

Ionosphere

UCI

240

111

34

Sonar

UCI

140

68

60

Svmguide1

NTU

2030

1059

4

The experimental results of three classification methods are showed and compared in
this section. The performance of PCAenSVM is evaluated from the aspects of accuracy,
sensitivity runtime and confidence. Each method is performed 5 times and the average
values are shown in Table 2, Table 3 and Table 4, respectively. Table 2 shows the
accuracy of these three methods, PCAenSVM has a slightly higher classification accuracy
than LibSVM and EnsembleSVM, only on dataset Cardiotocography, the accuracy of
PCAenSVM is lower than EnsembleSVM. Table 3 shows the classification sensitivity on
the five data sets. On two datasets PCAenSVM has a higher classification sensitivity than
other two method. On another datasets Ionosphere, PCAenSVM has the same sensitivity
with LibSVM, both of their sensitivity is higher than EnsvmbleSVM. On other two
datasets, PCAenSVM takes the second position on performance of sensitivity. The
running time of this three algorithm are showed in Table 4. The run time of PCAenSVM
are longer than that of LibSVM. PCAenSVM outperform EnsembleSVM on two datasets
but on other three datasets PCAenSVM has a longer time than Ensemble so that it is
difficult to find which algorithm is better on time cost.
Table 2. Classification Accuracy
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Name

LibSVM

EnsembleSVM

PCAenSVM

Cardiotocography

80.5112

82.97126

82.2684

Splice

92.5801

88.49916

93.2546

Ionosphere

92.7928

92.7928

93.6937

Sonar

80.8824

82.05882

82.3529

Svmguide1

74.5987

91.08594

94.2398
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Table 3. Classification Sensitivity

Name
Cardiotocography

LibSVM
79.9669

EnsembleSVM
99.5868

PCAenSVM
95.0413

Splice

92.7959

85.7633

93.1389

Ionosphere

98.75

93.75

98.75

Sonar

80.6452

80.6452

83.871

Svmguide1

99.8516

89.911

95.8457

Table 4. Run Time

Name

LibSVM

EnsembleSVM

PCAenSVM

Cardiotocography
Splice
Ionosphere
Sonar
Svmguide1

0.872989
1.499442
0.010774
0.008703
1.340879

1.3322
2.0528
0.9654
0.5706
1.0016

6.3588972
7.0322442
0.3092782
0.2157228
10.3080828

The error bar plots of classification accuracy of the three algorithms are presented in
Figure 4. In the figure, the X-axis represents the five different datasets. Each algorithm is
performed 5 times. For each algorithm on each dataset, the mean value of this five results
are used by this figure. As per the error bar plot, the PCAenSVM classifier and the
LibSVM classifier give results of higher confidence than that using EnsembleSVM.
While the PCAenSVM classifier has a higher accuracy than LibSVM and Ensemble
generally. The result of sensitivities of three method are plotted in Figure 5. As the figure
presents, as similar to the result of accuracy presented in Figure, the variance of
sensitivity is zero and has an excellent confidence in sensitivity. The sensitivity of
PCAenSVM are higher than other two algorithms generally.

Figure 4. Accuracy of the Three Classification Algorithm
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Figure 5. Sensitivity of the Three Classification Algorithm

7. Conclusion
In this study, we present a SVM ensemble algorithm named PCAenSVM, in which,
PCA of different threshold values are used to create new training sets. Ten base SVM
classifiers which are trained on ten new training sets are aggregated to classify testing
sets. PCAenSVM is evaluated on five different datasets, results of experiments show that
PCAenSVM achieves a high level of accuracy in binary classifications than that of
LibSVM and EnsembleSVM. The PCAenSVM classifier also has a higher confidence
than EnsembleSVM. In this paper, ten base SVM classifiers are simply grouped without
any selection, in the future, we will select some best base classifiers to produce a more
efficient ensemble classifier, so as to improve the classification accuracy and reduce the
computational cost further.
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