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Abstract: Classical methods of designing classifier generally pursue more highly accuracy based on the assumption

that all misclassifications have the same cost and the sample number of each class is gpproximately equal How ever,

the assumption isnot valid in some real gpplications such as fraud detection and medical diagnosis, 0 that classifica-

tion algorithm sw ithout taking different misclassification cost into acoount do not perform well Based on standard
support vector machines (SYM ), the algorithm of cost-sensitive SYM (CS-SYM ) isproposed by integrating mis-
classification cost of each sample into standard SYM. Experimental results show that CS-SYM is effective
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