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Abstract:  This paper describes a new text categorization method using transductive
boosting. All learning-based classification methods share on one common problem: It is
not possible to have a large corpus of categorized text. This is because it is difficult to
make a corpus easily and cheaply. It is therefore important that the learner is able to make
efficient generalizations using a small amount of training data. We tackle here the problem
of learning from small training samples by taking a transductive approach, instead of an
inductive approach. We adopt a transductive method in a boosting algorithm for the task
of text categorization. The categorization performance was improved significantly.
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