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Co-evolutionary algorithm for feature selection

TENG Xuyang, DONG Hongbin, SUN Jing
(College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China)

Abstract ; Feature selection is a key preprocessing technology of machine learning and data mining. The traditional
greed type of feature selection methods only considers the best feature of the current round, thereby leading to the
feature subset that is only locally optimal. Realizing an optimal or nearly optimal feature set is difficult. Evolutionary
search means can effectively search for a feature space, but different evolutionary algorithms have their own
limitations in search processes. The evolutionary advantages of genetic algorithms ( GA) and particle swarm
optimization (PSO) are absorbed in this study. The final feature subset is obtained by co-evolution, with the
information entropy measure as an assessment function. A specific bit rate cross operator and an information
exchange strategy applicable for a feature selection problem are proposed. The experimental results show that the co-
evolutionary method ( GA-PSO) is superior to the single evolutionary search method in the search ability of the
feature subsets and classification learning. In conclusion, the ability of combined evaluation, which is provided by
an evolutionary search, is better than that of the traditional greedy feature selection method.

Keywords : feature selection; genetic algorithm ( GA); particle swarm optimization ( PSO); co-evolution; bit

rate cross
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Fig.1 A unified view of feature selection process
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pAEES FrRE MRS I
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SEY X LAY RAEE R A GA (PSO . IG LA
GR, A THIES A PEBE, LEH SVM [ 1-NN F1 Naive
Bayes — /24w, IF HLAE H 338 EUE 1 J5 ik
ITEAS [ B 48 B T 4 A 53008 I e B R AE T 4R 1Y
525, X GA,PSO il GA-PSO = Fluff (LI R 1y )y
2, SEg A R R IR BB AT 20 IR P 1 5326
HERG 2 T 16 (information gain ) 15 B 325 F1 GR
(gain ratio) 3 i [ AR & YRR IS B2 h N ET N ]
HEFFRFIEEREIR | PR HCTE S5 36 v 43 1 %o 4> B
ERRAEAATHET O B3 e 95 5 L5 0
B R 24 B p HRAE, p B PR RR AR .
HARP) LR INE 2~4 Fn, £ 2~4 PERER
NS AP 8 953 B 1 20 5 ) R AR - SR TE AH I 1Y) BRI
NI R4S B 0 SR R, Avg R Py
OYSUER R A5 BT - B R T AR R

MF 2 FR Rl DU Y AR SCIR R R D5 IR TR 5 AN
Pade DY T i i 45 &, L W 7E Synthetic
Control BE4E T | FE L ARV AOARIE T T, $EH Y
T Y- 35 43 2 A 30 be A SR 1 °F- 38 73 S e
W E T 2.98%  [RIFEANER 3 MR 4 R,
TE1-NNF Naive Bayes 732 fe 1, X T A M EA
SCHE Y J7 125 1 SF- 25 23 2 TR AT L oAt i Bk
HARE e R e T R S 00T | RE2 15
BN 73 FRCR



JRTELIHY 25 T ] RO 36 I L ) P[] 358 4 77 7 £ 29 -

R2 1NN DES|HHREHER

Table 2 The comparison of classification accuracy with 1-NN classifiers %

it GA PSO G GR GA-PSO
Australian 85.51 (3) 85.51 (3) 83.33 (4) 83.33 (4) 86.33(5)
Credit Approval 83.91 (6) 83.91 (6) 80.87 (6) 79.57 (6) 86.51(5)
Dermatology 82.67(14) 83.30(15) 83.06(15) 83.61(15) 89.54(15)
Synthetic Control 87.22(26) 86.11(25) 88.67(26) 89.83(26) 90.95(26)
Multi-Feature Pixel 89.84(45) 88.09(37) 82.80(45) 81.55(45) 90.93(49)
Avg 85.83 85.38 83.75 83.58 88.85

K3 SVM SRBHDLERE

Table 3 The comparison of classification accuracy with SVM classifiers %

FIEITES GA PSO IG GR GA-PSO
Australian 85.51 (3) 85.51 (3) 85.51 (4) 85.51 (4) 85.85 (5)
Credit Approval 85.51 (6) 85.51 (6) 85.51 (6) 85.51 (6) 85.65 (5)
Dermatology 81.87(14) 83.30(15) 84.97(15) 85.52(15) 92.22(15)
Synthetic Control 91.02(26) 91.03 (25) 81.67(26) 89.50(26) 94.19(26)
Multi-Feature Pixel 93.69(45) 92.15(37) 87.15(45) 82.25(45) 94.40(49)
Avg 87.52 87.50 84.96 85.66 90.46

4 Naive Bayes DLW S REHE

Table 4 The comparison of classification accuracy with Naive Bayes classifiers %

e GA PSO 1G GR GA-PSO
Australian 80.72 (3) 83.11 (3) 74.93 (4) 74.93 (4) 86.27 (5)
Credit Approval 84.93 (6) 84.93 (6) 76.38 (6) 74.63 (6) 85.30 (5)
Dermatology 83.61(14) 85.79(15) 86.89(15) 85.52(15) 92.30(15)
Synthetic Control 85.14(26) 83.34(25) 78.33(26) 79.33(26) 94.19(26)
Multi-Feature Pixel 88.40(45) 87.01(37) 79.95(45) 78.65(45) 89.87(49)
Avg 84.56 84.84 79.29 78.61 89.59
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