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Text Categorization Using a Transductive Boosting Method

HiroTosHI TAIRAT and MASAHIKO HARUNO'tt

This paper describes a new text categorization method using transductive boosting. It is
time-consuming and expensive to assemble a large corpus of categorized text for use with
learning-based classification methods. Therefore, we require learning methods that are able
to learn classifiers extremely accurately from a small quantity of training data. The trans-
ductive method takes account of both training data and test data distribution and provides
a highly accurate classifier. We adopt a transductive method in a boosting algorithm for text
categorization. The categorization performance was better than that of the original boosting.
Specifically the performance was improved significantly for small quantities of training data.
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Fig.1 TSVM (a) and Transductive Boosting (b).
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Table 1 RWCP corpus for training and test.
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Table 2 F-measure for the number of training data (Transductive Boosting).
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Table 3 F-measure for the number of training data (Boosting).
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Fig.3 F-measure and the number of unlabeled data.
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