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Co-clustering for Text Categorization

HirovyA TAKAMURAT and YUJI MATSUMOTOf

We propose a new method to improve the accuracy of Text Categorization using Co-
clustering. In a number of previous probabilistic approaches, texts in the same category
are implicitly assumed to be generated from an identical distribution. We empirically show
that this assumption is not accurate, and propose a new framework based on co-clustering
to alleviate this problem. In our method, training texts are clustered so that the assumption
is more likely to be true, and at the same time, features are also clustered in order to tackle
the data sparseness problem. We conduct some experiments to validate this co-clustering
method.
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Table 2 Prediction of the best compression rate.
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