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Feature Extension Algorithm Fusing Statistical Information and Semantic Similarity
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[ Abstract] By analyzing high dimension characteristic and sparsity of short text, this paper proposes a feature extension
algorithm fusing statistical information feature words between concepts and semantic similarity for short text. Firstly, it
selects reasonable feature set through the contribution degree of word and constructs initial feature extension set. Then it
calculates statistical correlation between feature words and constructs a binary word correlation pair set. Finally ,by using
the semantic relations of external knowledge base, HowNet, it obtains synsets of relevant words, calculates the semantic
similarity ,extends the synsets which meet the conditions to the feature words of the short text and obtains the extend
feature set. Experimental results show that, after using the proposed algorithm to extended features, the classification
results of classifiers can be greatly improved.
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