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Research on Advanced Filtering Algorithm for Spam Email Based on Bayes Parameter Estimation

LIU Zhen SHE Kun ZHOU Ming-Tian
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Abstract Presently, naive Bayes algorithm for Email filtering has been accepted widely for its simplicity and plainness.
At the same time, the algorithm has also been applied in many commercial Email system. However, facing with the
persisted severe situation of spam Email, people are realizing gradually that depending on such a simple algorithm can’
t meet the practical needs for anti-spam. On the other hand, Bayes network, as an important branch in knowledge dis-
covery area, has been researched and explored for a long time. The question of Email filter can be projected to a Bayes
network model too. By doing so and utilizing Bayes parameter estimation for key node in the model, we can accomplish
Email classification and discrimination on probabilistic condition. According to the testing results, new algorithm has

much higher rate to converge and stabilization than the naive Bayes one.
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