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Feature Selection Framework Research in Extracting Term Definition

Pan Xu, Gu Hongbin, Zhao Zhiqging
(College of Civil Aviation, Nanjing University of Aeronautics &. Astronautics, Nanjing, 210016, China)

Abstract: A feature selection framework not reling on existing feature selection method in extracting def-
initions is extracted from aviation professional corpus. The framework combines between-class distribu-
tion difference and within-class distribution difference of features to express contribution of small dis-
juncts. After analyzing influence of traditional filter method and the framework on feature distribution,
experimental results are compared in corpus of term definition corpus of aviation. In BRF classification,
features required to obtain the best scores F,-measure =0. 652, F,-measure = 0. 761 is decreased from
30%—40% to 20%—30% by using the proposed framework. In SVM classification, F,-measure of clas-
sifier using the framework is increased by 2. 57 times and F,-measure is increased by 3. 11 times. The re-
sults are superior to the filter method and the Fisher Score method.
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