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Text Classification by Effectively Using Additional Information

Based on Maximum Entropy Principle

AKINORI FuJiNO,t NAONORI UEDAt and KAZUMI SAITOt

We propose a multi-class text classifier that can handle both main text and additional
information such as link information in web pages and thus improve classification perfor-
mance. Existing probabilistic approaches to classifier design with main text and additional
components are generative, discriminative, or a hybrid of the two. As the conventional hybrid
classifier was designed for binary classification, we present a hybrid classifier for dealing di-
rectly with multi-class classification, which is constructed by combining component generative
models based on the maximum entropy principle. We use naive Bayes models as component
generative models designed for text and link information contained in documents and web
pages. Our experimental results for three test collections confirmed the effectiveness of using
additional information for text classification. The results also revealed that our hybrid clas-
sifier greatly outperformed both the generative and discriminative classifiers when there was
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little difference in their performance.
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