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Document Categorization using Correspondence Analysis
and Bayesian Networks
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Matsushita Electric Industrial Co., Ltd.

4-5-15 Higashi-shinagawa, Shinagawa-ku, Tokyo, 140-8632, JAPAN

In utilizing Bayesian networks as a categorizer, it is often problematic when the data
to be categorized are represented in a vector form with very high dimension, like
document vectors in a vector space model. In this paper, we address this issue by
reducing the dimensionality with correspondence analysis (CA) and an MDLP-based
discretization, and using the resultant data as the input to a Bayesian network leaner.
In our empirical validation with the RWC corpus, this method compares favorably with
the conventional results on the same data, showing 8% improvement of F-measure on
average (max. 18%)
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