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On the Quantitative Representation of Term Specificity
Based on Terms and Documents Co-occurrences

AKIKO AIZAWAT

This paper presents a mathematical definition of the feature quantity, a measure of speci-
ficity of terms in documents which is based on an information theoretic view of retrieval events.
The proposed feature quantity is expressed as a product of the frequency of terms and their
amouts of information, and has a good correspondence with tf-idf-like measures commonly
used in today’s information retrieval systems. In the paper, the mathemtaical definition of
the feature quantity is shown together with some illustrative examples.

1. 0000

00000000000000000000000
000000000000000000000000
0000000000000 term specificityd0 O O
000000000000 000000000000
000000000000 0000O000O00o0o
00000 200000000000000000
00000000000, O00000000000
000000000000 000000000000
00000000000000000000000
000000000000000000Y04df?00

oooo¥000200%000000%0¢tf4df>0

representativenessﬁ)ljlj gooooo?®og
goboooooooobooobooOoooobooo
gooooOooOoOOoO0oOobOooOoobooOooobooDooo
gooboooooobobOoooboooOooooo
gooooOoOoooooboooooooboooboboo
00000000000 000O0OO0O0o0o®000

foooooooo
National Institute of Informatics

3332

o0 ©Wggo 2002 00dds Ratio®000
0000000000 expected cross entropy 0419
oooooog?29g
00000000000000000000000
0000000000000000 term weights 00
OO0 000000000000000000000
0000000000000000000Wod!Y0
0DO000®00000000000000 tf-idf?®

Y 0oDOD00000O0O00D000000000000000
000000000000000000000000000004
oooooooboOobOooOooboOooooooooooono
goobbooO0oooobDoooOoo0oO0ooOoO0oooOoo0000
0000000000000 000000000000000
oooooooobooo0oooooooboooobooooooo
ooooOoobDbDObO0O00OO0DO000000000000
00 17) 00 Oterm specificity 0000000000000
000000 0Oterm weights 100 00000000000
0ooOooooo00ooO0o0o0oooooo0oo0o0ooDonn
000 specificity 00000000 1)0000000000
oooobbooo0oo0ooooobooooboooooooooo
0ob0o0ooO0oO00o0oO0ooO0o00O0oOoOooooooooa
000000000000 term specificityD0 000000
000000000 term weights 000000000000
0000000000000 6)0 representativenessd OO
0Ooooooooooooooon

oo



Vol. 41 No. 12

01 OO0000O0O0O0OOOOO0O0O0O0O0

Table 1 Classification and examples of quantitative
measures to express the specificity of terms.
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Fig.1 An illustrative situation assumed in the
calculation of the expected mutual information.
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Table 2 Correlation between idf and kli, and also tf-idfand tf-kli, for different document sets.
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Fig.2 Numerical comparison of the tf-idf and tf-kli values.
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Table 3 Conditions used in our term extraction experiments.
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Table 4 Top 20 Ranking of terms extracted using varied definitions of the feature quantity.
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