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Abstract

Massive network texts have brought huge opportunities and challenges to sentiment analysis tasks. Traditional rule-based
methods have been difficult to analyze such texts. Existing deep learning methods have some shortcomings. On the one
hand, the inputs of the model only include the text embedding matrix, lack the use of other features. On the other hand,
the algorithm of word embedding will lead to the lack of text structure information, then impact the result. Based on the
research of syntactic rule in the rule-based sentiment analysis methods, a multi-input model combined with MCNN,
LSTM and fully connected neural network was proposed. Meanwhile, a syntactic feature extractor to combine the syntactic

features was constructed in the deep learning model. Experiments on three public data sets were conducted. The results
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show that the model constructed in this article has better classification performance than other models, and the introduction

of syntactic rule features has a little improvement in the classification effect of the model.
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