View metadata, citation and similar papers at core.ac.uk brought to you by X{'CORE

provided by Xiamen University Institutional Repository

12 1 2

YOU Wen—jie' > JI Guo-li' YUAN Ming-shun’

1. 361005

2. 350300

1.Department of Automation Xiamen University Xiamen Fujian 361005 China
2.Fuging Branch Fujian Normal University Fuqing Fujian 350300 China

E-mail glji@xmu.edu.cn

YOU Wen-jie JI Guo-li YUAN Ming-shun.Feature reduction on high-dimensional small-sample data.Computer Engineering
and Applications 2009 45 36 165-169.

Abstract In view of the characteristics of small sample and high dimensional data Generalized Small Samples GSS is defined.
It reduces information feature of GSS feature extraction dimensionality extraction and feature selection dimensionality selection .
Firstly unsupervised feature extraction based on Principal Component Analysis PCA  and supervised feature extraction based on
Partial Least Squares PLS are introduced.Secondly analyzing the structure of first PC it presents new global PCA-based and PLS-
based feature selection approaches in addition recursive feature elimination on PLS PLS-RFE is realized.Finally the approaches are
applied to the classification of MIT AMI/ALL it performs feature extraction on PCA and PLS and feature selection compared
with PLS-RFE.The information compression of GSS is realized.
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2 1.0000 0.882 4 12 0.8684 0.970 6 12 11
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2 PCA/PLS k
PCA PLS-RFE
! % ! % ! % ! % ! % ! %
2 71.1 58.8 11 10 84.2 85.3 45 84.2 85.3 45
3 86.8 73.5 53 89.5 76.5 45 89.5 76.5 45
4 86.8 88.2 4 4 100 94.1 23 100 94.1 23
5 86.8 85.3 43 100 79.4 33 100 79.4 33
6 81.6 47.1 82 100 94.1 33 100 94.1 33
7 92.1 61.8 73 100 91.2 43 100 91.2 43
8 92.1 79.4 74 100 91.2 52 100 91.2 52
9 100 85.3 43 100 100 53 100 100 53
10 100 88.2 53 100 85.3 72 100 85.3 72
11 100 85.3 43 100 85.3 63 100 85.3 63
12 100 73.5 4 4 100 82.4 72 100 82.4 72
13 100 91.2 45 100 88.2 82 100 88.2 82
14 100 79.4 55 100 91.2 72 100 91.2 72
15 100 79.4 55 100 88.2 63 100 88.2 63
7129 100 97.1 157 100 97.1 157 100 97.1 157
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