28 11 Vol. 28 No. 11

2005 11 CHINESE JOURNAL OF COMPUTERS Nov. 2005
1.2) 3) 2) D
b 518000)
2 ( 230031)
B ( 223001)
b ( 210094)
— . Reuters-21578 s
v ) v
TP18

Dimensionality Reduction in Statistical Pattern Recognition and
Low Loss Dimensionality Reduction

SONG Feng-Xi”” GAO Xiu-Mei” LIU Shu-Hai® YANG Jing-Yu"”
D (Shenzhen Graduate School . Harbin Institute of Technology . Shenzhen 518000)
» (New Star Research Institute of Applied Technology in Hefei City, Hefei 230031)
3 (Department o f Computer , Huaiyin Teachers College , Huaiyin 223001)
Y (Department o f Computer, Nanjing University of Science and Technology . Nanjing 210094)

Abstract  First, authors review the prevailing feature selection methods such as Exhaustive
Search, Genetic Algorithm, Sequential Forward Floating Selection, and Best Individual Features,
and feature extraction approaches such as Principal Component Analysis, Fisher Discriminant
Analysis, and Projection Pursuit for feature space dimensionality reduction in statistical pattern
recognition. Second, authors discuss the characteristics and the applicable domains of all these
techniques. Third, authors propose a novel feature selection method based on so-called optimal
classifier, Bayesian classifier. The new feature selection method, i. e. the low loss dimensionality
reduction (LLDR), is applied in automatic text categorization and compared with the prevailing
feature selection methods such as Mutual Information (MI), Chi-square Statistic (CHI), and
Document Frequency (DF) in automatic text categorization. Experimental results performed on
the well known dataset Reuters-21578 show that the ability for dimensionality reduction of LLDR
compared with those of MI and CHI, and higher than that of DF. Considering that LLDR is more
computational efficient than MI and CHI, LLDR is a promising feature selection method for auto-

matic text categorization.
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