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An Automatic Classification System of Korean Documents Using Weight
for Keywords of Document and Word Cluster

Jun-Hui Hur'- Jun-Hyeog Choi'' - Jung-Hyun Lee'!
Joong-Bae Kim''''. Kee-Wook Rim''t't

ABSTRACT

The automatic document classification is a method that assigns unlabeled documents to the existing classes. The automatic document
classification can be applied to a classification of news group articles, a classification of web documents, showing more precise results of
Information Retrieval using a learning of users interests. In this paper, we use the weighted Bayesian classifier that weights with keywords
of a document to improve the classification accuracy. If the system can't classify a document properly because of the lack of the number of
words as the feature of a document, it uses relevance word cluster to supplement the feature of a document. The word clusters are made by
the automatic word clustering from the corpus. As the result, the proposed system outperformed existing classification system in the
classification accuracy on Korean documents.

7INE : BMER(Document classification), WO[X|9t S MX}(Bayesian Classifier), 2E0/2E (Relevance word cluster)
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