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Abstract: Concerning there are a lot of redundant features classified in data which not only affect the classification
accuracy, but also reduce classification speed, a feature selection algorith on multi-objective Bare-bones Particle
Swarm Optimization ( BPSO) was proposed to obtain the tradeoff between the number of feature subsets and the classification

accuracy. In order to improve the efficiency of the multi-objective B@

update direction of the particle, and then the search space of t%ﬂ

y an external archive was used to guide the
as improved by a mutation operator. Finally, the
multi-objective BPSO was applied to feature selection problems, an classification performance and the number of selected
features of the K Nearest Neighbors ( KNN) classifier were ysed P feature selection criteria. The experiments were performed

on 12 datasets of UCI datasets and gene expression dal e experimental results show that the feature subset selected by

the proposed algorithm has better classification p: , the maximum error rate of the minimum classification can be
the classification algorithm can be shortened by 12 s at most.

or (KNN) classifier; Bare-bones Particle Swarm Optimization ( BPSO)

reduced by 7.4% , and the maximum execution
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Tab. 1 Description of datasets

R AN RETE oM
Alizadeh 34 366 6
dermatology 100 1212 2
Hillvalley 34 351 2
ITonosphere 56 32 3
lungcancer 166 476 2
musk1 22 195 2
parkinsons 30 569 2
wdbe 13 178 3
wine 16 101 7
200 34 366 6
Prostate 102 10509 2
9_Tumors 60 5726 9

AICgeb  BEE RIS A BIRE 8 70% , WK
0 30% FEZRid B b AR T I A2 B, 0 8 R ARRAE T
BB B I KNN(K =39 7r 2K 48 R Fl 47 22 LB e, 3
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Tab. 2 Time comparison between MOBPSO and

compared algorithms on twelve datasets 8

iR MOBPSO MOPSO NSGA Il
Alizadeh 33.88 34.14 41.98
dermatology 40.54 44.02 40.18
Hillvalley 43.81 44.99 40.55
Tonosphere 43.52 44.45 40.72
lungcancer 36.04 43.92 40.16
muskl 40.44 42.73 42.78
parkinsons 41.23 4.17 39.35
wdbc 34.36 35.08 39.45
wine 40.99 41.27 41.48
700 34.17 39.49 44.60
Prostate 86.97 92.16 89.19
9_Tumors 85.84 99.28 98.02
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BIRY BT A, BLF MOBPSO B3 RRHE$CH 10 I AT LIAS
/NSRS, LB BER B AL D 24 A BR T
ZRITUARFHE, 3+ EAEFHERCH 8 .9.,10 i 11 I, MOBPSO 55
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Tab. 3 Comparison of minimum error rate of three algorithms %
BiEss MOBPSO MOPSO NSGA T
Alizadeh 28.8 36.2 39.6
dermatology 1.8 1.8 1.8
Hillvalley 34.9 35.2 36.0
Tonosphere 2.8 4.7 7.4
lungeancer 40.0 30.0 40.0
musk1 10.5 10.5 10.5
parkinsons 13.6 11.9 13.6
wdbc 7.0 8.2 8.8
wine 7.4 10.2 7.4
700 16.1 18.1 22.6
Prostate 6.5 25.8 12.9
9_Tumors 38.9 44.4
4 S

BERT B E AR A SRR IR 3 9 ) A AT 1 Bk
SRR R R — 2 B IR, B B 2 4a iR A
FETERR/MERPA Bir. S3RTHREE PSR,
ZAMERRTHERE— N PSRNEE FERBEERE
BA PRI FHE LD, XX S, A SR 1 BT 2 H AR
BRI TR RIE BRI . 72 12 4 UCT Hdle gk BB 2
FERERN A LEEERSERIERL LT LRI TR
RRAE, 32 R BT M IS R AR T B A B R P e —
SERRAE , AR IS B/ Ny R IR R IR T — L E K
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