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Abstract: In order to overcome the problem of the intergration of context and target words along with the
issue that traditional specific-targeted sentiment analysis fails to integrate the context and target words well
before model input and fails to pay attention to the specific target effectively when extracting emotion fea—
tures a target-specific sentiment analysis model based on LSTM-GCAE is proposed. Firstly context and
target words are spliced to obtain the fusion word vector and LSTM is used to code the fusion word vector to
capture the context semantic information. Then the gating convolution mechanism with the target word vec—
tor is used to extract the emotional features of the target word. Finally the emotional polarity of specific tar—
gets is classified by softmax classification function.
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