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Toward Optimal Feature Selection for Word Sense Disambiguation

Fumriyo FukumoTot

This paper describes a method for feature selection which is used for disambiguating word
senses. In our method, sets of features which correspond to each different sense of an ambigu-
ous word are selected by applying a machine learning technique. Empirical results which were
tested on the two data, one is ‘line’ and ‘interest’ data, and another is SENSEVALI1 data,
show that the performance of the method is comparable to the existing sense disambiguation

techniques.
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Fig.1 The decision surface of a linear SVM.
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accident 1,234 267 6 behaviour 994 279 3 bet 106 274 11
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Table 9 Distribution of senses for ‘line’ and ‘interest’.

id ‘line’ 000 e
Oood
linel a thin, flexible object; cord 373
line2 formation of people or things; queue 349
line3 an artificial division; boundary 376
line4 telephone connection 429
lineb product 2,218
line6 written or spoken text 404
Total 4,149
id ‘interest’ 0 00O e
Oood
interestl | readiness to give attention 361
interest2 | causing attention to be given to 11
interest3 | activity that one gives attention to 66
interest4 | advantage, advancement or favor 178
interest5 | a share in a company or business 500
interest6 | money paid for the use of money 1,253
Total 2,369
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