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Abstract Feature selection is one of the core issues in designing pattern recognition systems and has attracted conside-
rable attention in the literature, Most of the feature selection methods in the literature only handle relevance and redun-
dancy analysis from the point of view of the whole class, which neglect the relation of features and the separate class la-
bels. To this end,a novel KL-divergence based feature selection algorithm was proposed to explicitly handle the rele-
vance and redundancy analysis for each class label with a separate-class strategy. A KL-divergence based metric of effec-
tive distance was also introduced in the algorithm to conduct the relevance and redundancy analysis. Experimental re-

sults show that the proposed algorithm is efficient and outperforms the three representative algorithms CFS, FCBF and
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ReliefF with respect to the quality of the selected feature subset.

Keywords Feature selection, KL-divergence, Separate-class strategy, Effective distance
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#: (KL-Divergence and Separate-Classes Strategy based fea-
ture selection algorithm) ShfRAZEAR T .
Bk 1 DSCSHMTiE#E
Input: A training dataset U=D(F,(C)
Output: Selected feature subset G
1. Initialize; G= @, TempSet=

2. Repeat

3. Fori=1to|C|,do

4, If ( F* € F—G satisfying Frgl?}GValDisG (Fy¢;) and ValDisg
(F*,c)29,

5 TempSet=TempSet UF*

6 End If

7. End For

8. G=GU TempSet

9 TempSet=0

10, Until G has not changed
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DA K2 B ARIEHE Y 53 ReliefF?) 5 DSCS Bk #H47 HLER .
FH 2 A2 HE 42558 KNNED AT C4. 509 S 4S 4E ge B 05 10
BOREEIATA I, I ARG RBT M. X T CFSEH,
R Best-First(BF) B HAAE T 548 K K WE s 4 F FCBF
Bk ARYE SCIRL 10 H HAHSEPEH & BIE v R 05 X% F Re-
liefF Bk, MR 4B SCRR L2 AT 4R R 5, SRR 30, %
FAICH) DSCS Bk, KA RMER R RME & ¥l 0.01,
Wb DSCS B % il Java LI, 378 Weka £ & T 217,
CFS.FCBF 1 ReliefF B8Pl K kNN i CA, 5 258839 W 8
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HEHASAEZNBERREEHITELR. HH Mush-
room, Kr-vs-kp,Musk2 .DNA Madelon 1 Gisette 3 UCI gV
Wi R ECHE 4, Tbesina 1 Sylva W2 25 2 M PR IR BUE &
F 1A T XEBEIREEMTIES.
#1 LRIERHE

Features

(challenge dataset)® ,

Datasets Instances Classes

1 Mushroom 22 8124 2
2 Krvs-kp 36 3196 2
3 Tbn-sina 92 20722 2
4 Musk2 166 6598 2
5 DNA 180 3186 3
6 Sylva 216 72626 2
7 Madelon 500 2000 2
8 Gisette 5000 6000 2
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BATETIE 4> BN 2 A 3 AR
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MRS VBT E 7E 70s~80s Z ], A FHE 3
FRF B8 B, % CFS-BF, DSCS. FCBF #1 ReliefF 2 3
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R 2MFE 3 BT kNN FI C4. 5 532 Prk BB SE 1%
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# 2 kNN _EFHSREROD

Unselect DSCS CFS-BF FCRF ReliefF
Mushroom 100 100 98. 52— 98. 57— 100
Kr-vs-kp 96. 12 98, 15+ 90, 43— 94,18~ 93,397
Ibn-sina 96. 22 96. 36+ 92,55~ 93. 06— 95,59~
Musk2 94. 68 94.74% 93,01~ 91. 42~ 93. 19
DNA 74. 55 90.59+ 87. 16T 83,13+ 85.99T
Sylva 98, 17 99,78+ 98, 76+ 98. 68+ 98,521
Madelon 55, 10 86. 50+ 77, 20% 56.107F 84.47%
Gisette 79.91 91.61+ 87,59+ 83.731 83.43%F
Avg, 86. 84 94.72 90. 65 87. 36 91. 82
W/T/L 7/1/0 4/0/4 4/0/4 4/1/3
#£3 CL5 EMGHEERCOD
Unselect DSCS CFS-BF FCBF ReliefF
Mushroom 100 100 98.52—  98.62— 100
Kr-vs-kp 99, 44 98. 47— 90, 43— 94, 03~ 93.347
Tbn-sina 97,32 96. 96~ 93,87~ 94, 22— 96. 65~
Musk2 96, 84 95,76~ 95.72— 91. 22— 93.36™
DNA 92. 54 94,60% 87.16™ 91, 37— 89. 49—
Sylva 99. 39 99,71+ 99.11— 99, 17— 99, 17—
Madelon 69. 08 78. 2671 73.31F 63, 80— 78.36%
Gisette 87. 20 92,95+ 87.15 83.67— 87. 401
Avg. 92.73 94, 59 90. 66 89, 51 92,22
W/T/L 4/1/3 1/1/6 0/0/8 2/1/5
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