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LIU Li-Zhen' SONG Han-Tao® LU Yu-Chang®
(Information Engineering College, Capital Normal University, Beijing 100037)!
(Department of Computer, Beijing Institute of Technology, Beijing 100081)2
(Department of Computer, Tsinghua University, Beijing 100084)2

Abstract Bayes learning theory is to obtain estimate of non-labeled samples by transcendental information and sample
data. The application of text classification is to classify non-labeled texts by learning labeled class samples, But it is
very difficult to obtain labeled training samples. In the paper the problem is analyzed in point of clustering view. The
clustering is a non-supervised learning method, and has a character of independence on defined classes and labeled train-
ing samples, The thesis improve on tradition fuzzy clustering to bring forward Fuzzy Partition Clustering Method
(FPCM). FPCM is a dynamic clustering method based on centroid technique. A few labeled texts are obtained to find
classification foundation for supervised learning by fuzzy Partition clustering non-labeled Web texts. The sample’s
transcendental knowledge and clustering’s non-supervisory are combined, and correlation texts are clustered by meas-
uring similar degree. Naive Bayes augment learning style is further used to design and learn classifier. At the same
time, classification precision is advanced using the way of selecting balance candidate samples after estimating the loss
of classifying error, The model of text classifying using non-labeled training sample with more extensive application is
realized.
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