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Abstract

At present,statistical learning methods have been widely used in spam classification in which Bayesian classi-

fier and SVM are favorable. To face the challenge of spams,a number of novel ideas and improved algorithms were pro-

posed. We proposed improved Porter Stemmer algorithm to extract text features thoroughly and tailored it for spam

classifiers. Compared with original algorithm, linear kernel SVM, gaussian kernel SVM, polynomial SVM and Naive

Bayes classifiers obtain 63. 7% ,63.1%,61. 3% and 11. 4% decrease of error rate respectively based on proposed im-

proved Porter Stemmer. Besides, experimental results justify that SVM has significant advantages when applied to spam

classification compared to Naive Bayes, while SVMs also obtain greater improvements facilitated by improved Porter

Stemmer. We also conducted a shallow analysis from the perspectives of linguistics and illustrated the potential value of

spam classifier with personalized customization.
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