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Abstract To solve the problems of " curse of dimensionality" , " diversity in the categories topic" and "lack of feedback" commonly exis-
ted in email filtering system, we propose an email filtering method which is based on category feature selection and feedback learning random
forest algorithm. It introduces the latent Dirichlet allocation (LDA) model to the feature selection link of email and builds the respective gen-
eration model in different type of email sets to search separately the feature information forming each subject, thus effectively reduces the im-
pacts of redundant information and noise data on classification performance. The feedback learning random forest algorithm plays to the advan-
tages of decision irees integration and feedback learning, realises the self-regulation of the email filtering system and can catch the change
trend in spam promptly. The test is done on open corpus CCERT and Trec06, and the comparison is made with typical algorithm as well. Ex-

perimental results demonstrate the availability and effectiveness of the proposed algorithm.
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