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ABSTRACT Classification problems in high dimensional data with a small number of 

observations are becoming more common especially in microarray data. During the last two 

decades, lots of efficient classification models and feature selection (FS) algorithms have been 

proposed for higher prediction accuracies. However, the result of an FS algorithm based on the 

prediction accuracy will be unstable over the variations in the training set, especially in high 

dimensional data. This paper proposes a new evaluation measure Q-statistic that incorporates the 

stability of the selected feature subset in addition to the prediction accuracy. Then, we propose 

the Booster of an FS algorithm that boosts the value of the Q-statistic of the algorithm applied. 

Empirical studies based on synthetic data and 14 microarray data sets show that Booster boosts 

not only the value of the Q-statistic but also the prediction accuracy of the algorithm applied 

unless the data set is intrinsically difficult to predict with the given algorithm. 

Index Terms—High dimensional data classification, feature selection, stability, Q-statistic, 

Booster 

INTRODUCTION  

THE presence of high dimensional data is 

becoming more common in many practical 

applications such as data mining, machine 

learning and microarray gene expression 

data analysis. Typical publicly available 

microarray data has tens of thousands of 

features with small sample size and the size 

of the features considered in microarray data 

analysis is growing. The statistical 

classification of the data with huge number 

of features and small sample size (under 

sampled problem) presents an intrinsic 

challenge [29]. A striking result has been 

found that the simple and popular Fisher 

linear discriminant analysis can be as poor 

as random guessing as the number of 

features gets larger [7], [16]. As was 

reported in [14], [59], most of the features of 

high dimensional microarray data are 
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irrelevant to the target feature and the 

proportion of relevant features or the 

percentage of up-regulated or down-

regulated genes compared with appropriate 

normal tissues is only 2%   5%. Finding 

relevant features simplifies learning process 

and increases prediction accuracy. The 

finding, however, should be relatively robust 

to the variations in training data, especially 

in biomedical study, since domain experts 

will invest considerable time and efforts on 

this small set of selected features. Hence, the 

proposed selection should provide them not 

only with the high predictive potential but 

also with the high stability in the selection 

[40]. 

A New Proposal for Feature Selection 

This paper proposes Q-statistic to evaluate 

the performance of an FS algorithm with a 

classifier. This is a hybrid measure of the 

prediction accuracy of the classifier and the 

stability of the selected features. Then the 

paper proposes Booster on the selection of 

feature subset from a given FS algorithm. 

The basic idea of Booster is to obtain several 

data sets from original data set by 

resampling on sample space. Then FS 

algorithm is applied to each of these 

resampled data sets to obtain different 

feature subsets. The union of these selected 

subsets will be the feature subset obtained 

by the Booster of FS algorithm. 

EXISTING SYSTEM: 

One often used approach is to first discretize 

the continuous features in the preprocessing 

step and use mutual information (MI) to 

select relevant features. This is because 

finding relevant features based on the 

discretized MI is relatively simple while 

finding relevant features directly from a 

huge number of the features with continuous 

values using the definition of relevancy is 

quite a formidable task. 

Several studies based on resampling 

technique have been done to generate 

different data sets for classification problem 

and some of the studies utilize resampling 

on the feature space. 

The purposes of all these studies are on the 

prediction accuracy of classification without 

consideration on the stability of the selected 

feature subset. 

DISADVANTAGES OF EXISTING 

SYSTEM: 

Most of the successful FS algorithms in high 

dimensional problems have utilized forward 

selection method but not considered 

backward elimination method since it is 
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impractical to implement backward 

elimination process with huge number of 

features. 

A serious intrinsic problem with forward 

selection is, however, a flip in the decision 

of the initial feature may lead to a 

completely different feature subset and 

hence the stability of the selected feature set 

will be very low although the selection may 

yield very high accuracy. Devising an 

efficient method to obtain a more stable 

feature subset with high accuracy is a 

challenging area of research. 

PROPOSED SYSTEM: 

This paper proposes Q-statistic to evaluate 

the performance of an FS algorithm with a 

classifier. This is a hybrid measure of the 

prediction accuracy of the classifier and the 

stability of the selected features. Then the 

paper proposes Booster on the selection of 

feature subset from a given FS algorithm. 

The basic idea of Booster is to obtain several 

data sets from original data set by 

resampling on sample space. Then FS 

algorithm is applied to each of these 

resampled data sets to obtain different 

feature subsets. The union of these selected 

subsets will be the feature subset obtained 

by the Booster of FS algorithm. 

ADVANTAGES OF PROPOSED 

SYSTEM: 

Empirical studies show that the Booster of 

an algorithm boosts not only the value of Q-

statistic but also the prediction accuracy of 

the classifier applied. 

We have noted that the classification 

methods applied to Booster do not have 

much impact on prediction accuracy and Q-

statistic. Especially, the performance of 

mRMR-Booster was shown to be 

outstanding both in the improvements of 

prediction accuracy and Q-statistic. 

SYSTEM ARCHITECTURE: 

 

CONCLUSION  

This paper proposed a measure Q-statistic 

that evaluates the performance of an FS 

algorithm. Q-statistic accounts both for the 

stability of selected feature subset and the 

prediction accuracy. The paper proposed 

Booster to boost the performance of an 

existing FS algorithm. Experimentation with 

synthetic data and 14 microarray data sets 

has shown that the suggested Booster 
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improves the prediction accuracy and the Q-

statistic of the three well-known FS 

algorithms: FAST, FCBF, and mRMR. Also 

we have noted that the classification 

methods applied to Booster do not have 

much impact on prediction accuracy and Q-

statistic. Especially, the performance of 

mRMR-Booster was shown to be 

outstanding both in the improvements of 

prediction accuracy and Q-statistic. It was 

observed that if an FS algorithm is efficient 

but could not obtain high performance in the 

accuracy or the Q-statistic for some specific 

data, Booster of the FS algorithm will boost 

the performance. However, if an FS 

algorithm itself is not efficient, Booster may 

not be able to obtain high performance. The 

performance of Booster depends on the 

performance of the FS algorithm applied. 
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