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Research on Improved Text Feature Selection Algorithm

ZHU Shi-ling,ZHENG Yan
('School of Computer Software, Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract : The quality of feature selection determines the accuracy of text classification. Text feature selection usually includes document
frequency , mutual information,information gain, Chi-square statistics and so on. We discuss the shortcomings of document frequency
and mutual information in feature selection,and on the basis propose an improved algorithm for hybrid document frequency and mutual
information. In the feature selection of document frequency , high—frequency words are preferred without considering whether there is a
degree of discrimination between categories. Therefore, we propose to take the category variance of word frequency as the weight of
document frequency for feature selection. The mutual information tends to select low —frequency words, but also ignores those features
with negative mutual information value. Some words with negative mutual information contain more category information. Therefore,the
absolute value of mutual information is taken to strengthen the role of words with negative mutual information. The experimental
comparison of DF,MI and improved DFMI indicates that the proposed algorithm improves in accuracy ,recall rate and F; measure, which
verifies its effectiveness.
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