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A n mproved feature selection algorithm for linear SYM classifiers

ZHANG Yang',L IU Y ong-ge’, JING Xu'
(1 College d Infomation Engineering,N orthw estA & F U niversity, Yangling, Shaanxi 712100, Ching;
2D etarment Canputer Science, A nyang N omal U niversity, A nyang, H enan 455100, China)

Abstract: SYM nomal feature selection algorithm only considers the contribution made to feature se-
lection by the nomal, ignoring the contribution made by the distribution of features totally. In thispaper,
based on the analysisof SYM nomal algorithm, and the difference betw een the probability that attributes
occurs in positive and negative sanples, aw eighed SYM nomal algorithm,w hich considers both the distri-
bution and the normal waspresented The experiment results show that, comparedw ith SYM nomal algo-
rithm and information gain algorithm,w hen a snall feature gace is applied, thew eighed SYyM nomal algo-
rithm has better feature selection performance than SYyM nomal algorithm and information gain algo-
rithm.
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