42 1

2015 1 Computer Science Jan 2015

( 201620)

FILEXAMER AR TR N fed it 5 EMAAL IR EETRGER, Rt ToEesE
FRAEHFLEBRANGHIA, BTREHBEPTRALERZORT TR, SHREFEREDRZ - AN, Bt k7
— A TR e E UM k. B R B A 4R 6 T ARG R R IR IR0 E LA I St AR o
Bk A, I BRI T AT R RES T NLERAK B AEPREFOHRELEROKT. ZF ERE 2L
fTI it Ak, E£H LR B 5,3 E 6 F % & Rubenstein-Goodenough M X £ #5948 % & 44 0.851.4£ FTIA
AT RAINICELMMEF TR ARNEREZINFNS AT RES PEARARGFHORAAR,

ELARME AF B R B MR AR R

TP391 A

DOI 10.11896/j. issn. 1002-137X. 2015. 1. 058

Measuring Semantic Similarity between Words Using Web Search Engines
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(Department of Computer Science and Technology.East China University of Political Science and Law,Shanghai 201620, China)
Abstract Semantic similarity measures play important roles in many Web-related tasks such as Web browsing and query
suggestion. Because taxonomy-based methods cannot deal with continually emerging words, recently Web-based meth-
ods have been proposed to solve this problem. Because of the noise and redundancy hidden in the Web data, robustness
and accuracy are still challenges. We proposed a method integrating page counts and snippets returned by Web search
engines. Then, the semantic snippets and the number of search results were used to remove noise and redundancy in the
Web snippets. After that,a method integrating page counts, semantics snippets and the number of already displayed
search results was proposed. The proposed method does not need any human annotated knowledge.and can be applied
Web-related tasks easily. A correlation coefficient of 0. 851 against Rubenstein-Goodenough benchmark dataset shows
that the proposed method outperforms the existing Web-based methods by a wide margin. Moreover, the proposed se-

mantic similarity measure significantly improves the quality of query suggestion against some page counts based meth-
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