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Symmetrical uncertainty and particle swarm algorithm for

feture selection on high-dimensional data
LIN Weixing, WANG Yujia, CHEN Wanfen
(School of Electric and Electronic Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)
[ Abstract] There are thousands of features in high dimensional data, and a large number of features lead to excessive problem
search space, increasing the calculation cost, affecting the accuracy of data classification prediction. In order to improve the
efficiency of feature selection, a particle group feature selection algorithm for symmetric uncertainty and population reduction
mechanism is proposed. The algorithm is designed with an initialization method based on symmetric uncertain index, and reduces the
calculation cost of feature selection. The influence of redundant feature during evolution is reduced by non - dominant sorting
population reduction mechanisms. Experimental results on 5 public biologically high dimensional data sets show that the algorithm
operate in time aspects have a certain advantage.
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can achieve better classification accuracy and smaller bistel collection characteristics for high dimensional data characteristics, and
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Tab. 1 Information of dataset

Kl g FRAFEL FEA%L FH%L
ColonTumor 2 000 62 2
LungCancerOntario 2880 39 2
DLBCL-Stanford 4026 47 2
DLBCL-Harvard 6817 58 2
DLBCL-NIH 7399 160 2
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Tab. 2 Comparison of classification accuracy

Datasets IPSO IGA GWODE ISFLA SUPDR-PSO

ColonTumor 87.67 86.67 93.42 93.02 94.33
LunCancerOntario  70.00 65.50 91.34 75.06 93.77
DLBCL-Stanford  78.10 78.80 99.71 82.67 94.59
DLBCL-Harvard  71.11 64.33 82.52 73.33 86.27

DLBCL-NIH 55.10 56.10 72.53 55.63 73.00
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Tab. 3 Comparison of feature subset numbers

Datasets IPSO IGA GWODE ISFLA SUPDR-PSO
ColonTumor 49.40 38.24 27.10 35.22 26.33
LungCancerOntario 56.25 10.22 4.31 14.33 12.97
DLBCL-Stanford 49.50 18.43 28.23 15.24 14.33
DLBCL-Harvard 51.24 27.62 17.81 27.42 16.23
DLBCL-NIH 35.10 32.21 25.33 29.25 24.55
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Tab. 4 Comparison of running time

Datasets IPSO IGA GWODE ISFLA SUPDR-PSO
ColonTumor 10.91 11.04 8.43 11.56 5.97
LungCancerOntario 10.57 10.89 9.87 11.57 6.12
DLBCL-Stanford 17.68 18.07 7.59 19.47 4.64
DLBCL-Harvard 38.87 38.99 43.23 40.66 7.87
DLBCL-NIH 114.68 115.58 13.48 119.68 10.55
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