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Design of an Improved Spam Filter Based on Naive Bayesian Classifier

CHENG Bao-guo, FENG Hong-wei
(Computer Science & Technology Department, Northwest University, Xi’ an 710069, China)

Abstract : In recent years,spam does much harm to Internet. In kinds of anti — spam technologies, Naive Bayesian classifier based on statis-

tical method warks effectively on spam filtration. In this paper, describes Bayesian filter in brief. Furthermore, presents an improved model

based on Naive Bayesian spam filter.
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