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Proposal a new feature evaluation measure for filter type feature subset selection 
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Feature Selection is an important preprocessing step for pattern recognition and data mining problems. This process selects 
necessary features and removes redundant features. In this work, we propose a new fitness function for feature subset evaluation. 
The proposed new fitness function is used for feature subset selection with EC algorithms. Simulation experiments using the 
benchmark datasets have been done and the results are compared with popular methods. 
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5.1 
UCI 

Datasets Repository[Dua 17] NIPS2003[NIPS 03]
WCCI2006[WCCI 06] 12
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1. 

WINE 13 3 178 
CANCER 30 2 569 

ADA 48 2 Tr : 4147 
Te : 415 

SONAR 60 2 208 
GAS 128 6 Tr : 6955 

Te : 6955 
SYLVA 216 2 Tr : 13086 

Te : 1308 
MADELON 500 2 Tr : 2000 

Te : 600 
GINA 970 2 Tr : 3153 

Te : 315 
HIVA 1617 2 Tr : 3845 

Te : 384 
ARCENE 10000 2 Tr : 100 

Te : 100 
DEXTER 20000 2 Tr : 300 

Te : 300 
DOROTHEA 100000 2 Tr : 800 

Te : 350 
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5.2 
100

5

2
Minimum 

redundancy maximum relevance(mRMR) [Peng 05][Brown 12]
Correlation Feature Selection(CFS) [Mark 99] 2

2. 

BGA 20 300 

mutation=0.05 
BPSO 20 300 w=0.5 

c=1.0 
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3. 

WINE 0.885185 
CANCER 0.901075 

ADA 0.739277 
SONAR 0.746031 

GAS 0.776851 
SYLVA 0.980199 

MADELON 0.538333 
GINA 0.790791 
HIVA 0.937240 

ARCENE 0.830000 
DEXTER 0.933333 

DOROTHEA 0.931429 

4 Cancer 
 mRMR CFS 

1/10 0.811891 0.649123 

2/10 0.847953 0.901559 

3/10 0.896686 0.919103 

4/10 0.872320 0.927875 

5/10 0.916179 0.922027 

6/10 0.867446 0.896686 

7/10 0.873294 0.928850 

8/10 0.892788 0.905458 

9/10 0.882066 0.877193 

5 mRMR

WINE 0.854938 9/10 11 

CANCER 0.916179 5/10 15 

ADA 0.768675 2/10 9 

SONAR 0.809524 7/10 42 

GAS 0.802181 9/10 115 

SYLVA 0.984072 3/10 64 

MADELON 0.53 8/10 400 

GINA 0.799471 7/10 679 

HIVA 0.966146 1/10 161 

ARCENE 0.84 7/10 7000 

DEXTER 

DOROTHEA

6 CFS

WINE 0.91358 9/10 11 

CANCER 0.92885 7/10 21 

ADA 0.781928 2/10 9 

SONAR 0.793651 6/10 36 

GAS 0.979415 5/10 64 

SYLVA 0.981269 5/10 108 

MADELON 0.536111 7/10 350 

GINA  

HIVA  

ARCENE  

DEXTER  

DOROTHEA

7 BGA 

WINE 0.896667 10.80 

CANCER 0.917778 24.60 

ADA 0.730040 29.33 

SONAR 0.783069 52.33 

GAS 0.764411 105.8 

SYLVA 0.932263 149.0 

MADELON 0.518000 237.5 

GINA 0.801746 898.0 

HIVA 0.950521 478.0 
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ARCENE 0.810000 451.0 

DEXTER 0.803333 6116.5 

DOROTHEA 0.891429 1358.5 

8 BPSO 

WINE 0.834656 10.43 

CANCER 0.903509 19.00 

ADA 0.719663 24.40 

SONAR 0.730159 40.20 

GAS 0.766783 75.33 

SYLVA 0.959531 116.67 

MADELON 0.517500 260.67 

GINA 0.797249 897.67 

HIVA 0.937847 855.67 

ARCENE 0.822750 492.25 

DEXTER 0.908889 9874.0 

DOROTHEA 0.881905 2002.33 
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