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Abstract E-m ail comm un ications betw een people have been greatly affected by spam problm. In this paper Nave
Bayesian categorzation algoribm is deduced and analyzed aswell as its application and valdation in the experi ents
of span filterng F irstly, the paper ntroduces Text categorzaton techniqug ncliding commonly used vector space
model to represent the text and feature extraction methods such as nfom ation gain and document frequency based
method W hatismor the behavbrof nfom atbon gainmethod n the experim ents is explained Secondly itdeduces
and analyzes N a ve Bayesian w ith the prem e of ndependence within features Then, itusesmails colkcted before as
copus utilze k=fold cross-validation and applys the nave Bayesian in experments Based on pobabiliies and that
of tem s belonging to sane category which are gamned through taining corpus the paper categorizes maik fran test
co1pus respectively Finally expermental result is shovn by two ndicabrs precision and recall
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