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Incremental Bayes Text Categorization Algorithm

GAO Jie, JI Genlin
(School of Mathemetics and Conputer Science, Nanjing Normal University , Nanjing 210097 , Ching)

Abgract : Autométic text categorization is an important research fiedd in data mining and machine learning. An incrementa
Bayestext categorization agorithm based on amdl labded documentsis presented to olve the difficult problem involving getting
labeled training documents. The agorithm can process two cases: the labded and unlabeled incremental documernts. Directly
computi ng the probakility of the samples of a certain dassis the process ng method for labeled documents. The unlabeled docu-
ments are labeed fird by ugng the orignd classfication, and then the new dassfication is trained from the incrementd docu-
ments. The experimentd results show that this agorithmisfeadble and dfective , providing a nev method for updating of class-

fication.
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