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Absract : Nearest neighbor classfication assumes locally constant class conditional probabilities. The assumption be-
comes invalid in feature space with high dimenson. When KNN classier is used in feature space high dimenson, se-
vere hias can be introduced if the weights of features are not amended. In thispaper , initial weights of text features
are acquired based on sendtivity method firstly , and the second dimension reduce is done. Then training samples are
divided into many groups based on sample smilarity and the initial weights by using SStree, ko approximate nearest
neighbors of unknown sample are acquired by usng SStree. Weights are computed again based on ko approximate
nearest neighbors and chi- square distance theory. K nearest neighbors are acquired based on new weights. Little
timeis spent , but the better accuracy of text categorization is acquired.

Key words: computer application; Chinese information processing; text categorization; neura network; Chi-sguare

distance; KNN agorithm
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