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The New Boundary Sample Selection Method and
Its Application in the Text Classification

WAN Zhongying WANG Mingwen ZUO Jiali LIU Changhong

( School of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: On the premise of ensuring the classification performance how to select an important sample set from a
large number of training sample sets has become an important issue in the pattern classification. Aiming at this prob—
lem a new sample selection algorithm is proposed and applied to text categorization. Experiments are carried out on
the standard document set Reuters21578 Fudan document set and 20 news group document set. The experimental
results show that the proposed method can effectively select the boundary samples and the SVM and KNN classifiers
can get better classification results especially on the unbalanced document set.

Key words: boundary samples; sample selection; text classification; SVM; KNN



