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Sentiment Lexicon Construction Method Based on Label Propagation

ZHANG Pu,WANG Junxia, WANG Yinghao
(College of Computer Science and Technology ,Chongqing University of Posts and Telecommunications, Chongqing 400065, China)

[ Abstract] Traditional sentiment lexicon construction methods have problems such as relying on semantic knowledge
base, limited coverage and poor domain adaptability. Aiming at these problems, this paper proposes a method to construct
sentiment lexicon based on label propagation. The method firstly selects some sentiment seed words manually, and then
uses Word2Vec to train word embeddings on corpus and treats the words which have high similarities with seed words as
candidate sentiment words,the method also finds out the words which have conjunctive relations with seed words, and
treats them as candidate sentiment words. By constructing a semantic association graph through the similarities between
seed words and candidate sentiment words,the method uses label propagation algorithm to identify polarities of candidate
sentiment words and construct sentiment lexicon. Experimental results show that the method can obtain higher accuracy
and better robustness compared with baseline method.
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