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Improving the Performance of Text Categorization
Using Low Frequency Terms

AKIKO AIZAWAT

This paper aims at investigating the effect of low frequency terms in text categorization
problems. In order to utilize information carried by numbers of low frequency terms in text,
we use simple text categorization methods with linear decision functions and apply a term
weighting scheme based on (1) the concept of probability weighted amount of information,
(2) discounting technique in probabilistic language modeling, and also, (3) compound noun
extraction based on speech-of-tags generated by a standard morphological analyzer. The
effects with term vector-oriented and support vector machine-based methods are examined
using a large-scale text categorization problem.
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Table 1 Benchmark text categorization problems used in

this paper.
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Fig.1 Statistical analysis of terms in the text using
NTCIR-J1.
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Fig.2 Statistical analysis of terms in the text using
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