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Abstract Vector space model is a mature model of text representation in automatic text categorization. Words and phrases are commonly used as

feature items, but these items provide little local semantic information. This paper uses sentence categories, which include more semantic

information, as feature items. To reduce the dimensionality of sentence category vector space, it divides mixed sentence categories and reformes the
weights by tfc algorithm and buildsthe classifier by KNN algorithm. The average precision and recall of the classifier are acceptable, especially in
the case of categories having different abstraction. The performance can be improved by HNC techniques and machine learning algorithm.
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