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Short Text Feature Expansion and Classification Based on Non-negative Matrix Factorization
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Abstract In this paper.a feature extension method based on non-negative matrix factorization (NMFFE) was proposed
to overcome the sparse of short text feature. This method only considers the data itself and does not rely on external re-
sources for feature extension. Firstly,the internal relationship of text and word is taken into account in the factorization
of the relationship matrix between text and word ,and word clustering instruction matrix is obtained by graph dual re-
gularization non-negative matrix triple factorization (DNMTF) method. Then.word clustering instruction matrix is re-
duced in dimensionality to get the feature space. Finally,according to the degree of correlation between words, the fea-
ture in the feature space is added to the short text,thus solving the problem of feature sparse in short text and impro-
ving the accuracy of text classification. The experimental data show that compared with the better performance in BOW
algorithm and Char-CNN algorithm, the accuracy of short text classification based on NMFFE algorithm is increased by
25.77%,10.89% and 1.79% on the three datasets, which are Web snippets, Twitter sports and AGnews,respectively.
The experimental data fully demonstrate that NMFFE algorithm is superior to BOW algorithm and Char-CNN algo-

rithm in terms of classification accuracy and algorithm robustness.

Keywords Short text classification, Feature extension, Non-negative matrix factorization,Feature space.Correlation
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Fig. 1 Framework of short text classification
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