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Research on Improvement of Bayesian Text Classifier

LU Mingyu
(College of Computer Science and Technology, Dalian Maritime University, Dalian 116026)

Abstract Bayesian classification model is common, powerful for text categorization task. It is based on probability and is of religious theoretic
basis. The paper makes analysis to the simple and common naive Bayesian categorization model, and presents an approach to improve performance
of Bayesian classification model using weight adjustment and an approach to make non-tutor Bayesian categorization using EM algorithm when
lacking mass training texts, and discusses how to fix the framework of Bayesian network using heuristic methods so as to make text classification in
real circumstance.
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