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Empirical Term Weighting by Correlation Coefficient for Query Expansion
ATsusHI KANAYAT and KYOJI UMEMURA®

At the Information Retrieval (IR), with the relevance feedback which is the typical IR
model, queries are modified using Query Expansion (QE) and Term Re-weighting (TR), QE
adds new collected term to query, and the TR re-weights to new (or original) query. In the
case of using this method, as compared without using relevance feedback, it is reported that
recall is improved but precision is decreased. We have considered that some methods for
selecting relevant term and weighting these terms aren’t clear. This paper proposes a method
for selecting relevant term using coincided term with original query term, and shows empirical

weighting methods for these terms.
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Fig.1 Term weight : X for each tf value (fit-G)
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Table 3 IR performance using tf - idf and fit-MI for
Medlars
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Table 4 IR performance using tf - idf and fit-MI for

Cranfield
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Table 5 Precisions for different weighting methods
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expansion
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Table 6 IR performance using tf - idf and fit-G for initial

query
Medlars
oooao goooo goooo 11pt
tf -idf 0 0 0.4516
tf - idf + fit-MI 5 100 0.5510
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