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Abstract

As a powerful machine learning tool, support vector machine (SVM) is now widely used and studied. Howe-

ver,one kind model of SVM is not absolutely suitable for all kind of data. The effectiveness of a SVM depends on co-

rrectness of acquiring the information of data. With consideration of acquiring the equivalence information among data,

based on the theory of rough sets and SVM,a new model called rough support vector machine (RSVM) was proposed.

The data used in experiments are selected from UCI machine learning data base. For comparison, three kinds of support

vector machine, traditional support vector machine (SVM), fuzzy support vector machine (FSVM) and RSVM are used

in experiments. The results of experiments show that compared with SVM and FSVM, RSVM has a remarkable predic-

tive accuracy.
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Data set Attribute Class Number
breast 9 2 683
pima 8 2 768
heart 13 2 296
bupa 6 2 345
iris 4 3 150
auto 7 3 392
wine 13 3 178
vehicle 18 4 846
glass 9 7 214
machine 7 8 209
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Polynomial
Data SVM FSVM A8 EE R Q002D RS (90%0) A (809 R EE 0%
breast 0. 9474(26) 0. 9649(25) RSVM.: 0. 9649(24) RSVM.: 0. 9474(25) RSVM. 0. 9474(25) RSVM. 0. 9474(24)
pima 0. 7865(302) 0. 7760(292) RSVM. 0. 7865(300) RSVM. 0. 7865(304) RSVM. 0, 7917(304) RSVM. 0. 7917(305)
heart 0. 7432(89) 0. 7432(87) RSVM;: 0. 7432(89) RSVM. 0. 7838(88) RSVM. 0. 7432(87) RSVM. 0. 7432(90)
bupa 0. 6353(198) 0.6118(175) RSVM. 0. 6353(198) RSVM; 0. 6353(197) RSVM. 0. 6353(196) RSVM. 0. 6353(196)
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