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E-mail classification by SVM optimized with genetic algorithm

ZHANG Yan-qiu, WANG Wei
(School of Education Science, Nanjing Normal University, Nanjing Jiangsu 210097, China)

Abstract: A method of classifying E-mail by Support Vector Machines ( SVM) and Genetic Algorithm ( GA) was
proposed. In the first step, the mails were preprocessed, and then the combination of support vector machine parameters of C
and kernel function parameters was optimized by genetic algorithm. Finally, the E-mail was classified by the optimized SVM .
The experiments on a data set composed of 5800 mails show that the precision is 89. 67% , which indicates that this method
indeed improves the accuracy of filtering Chinese spam.
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