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A spam short message classification method based on word contribution

ZHANG Yong-jun', LIU Jin-ling’, YU Chang-hui’
(Faculty of Computer Engineering, Huaiyin Institute of Technology, Huai'an 223003, China)

Abstract: A classification method based on word contribution was proposed to classify spam short messages. The con-
cept of word contribution was introduced for representing weight difference of a word in different categories, the word
contribution-classification matrix was constructed, then the mean square deviation of each row in the matrix was compu-
ted to reduce dimensionalities. To determine the classification a short message belongs to, short message-category mem-
bership degrees were calculated based on word contribution. Furthermore if category candidates were more than one, the
classification conflict problem could be resolved by comparing the densities of short message-category membership de-

gree. The experimental results showed that the proposed method was superior to other classification methods in the clas-

sification result and real-time.
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Table 1 Word Contribution-classification matrix
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Table 2 Experiment results of classification algorithms
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Context 0. 823 0.796
TF 0.732 0. 692
Contribution 0. 848 0. 818
BA 0. 826 0. 811
SVM 0. 832 0. 809
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