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Sentiment Classification Model Based on CNN and Word Adjacent Feature

LU Chao,YANG Chao,LI Renfa
(School of Information Science and Engineering, Hunan University ,Changsha 410082, China)

[ Abstract] The method based on Convolutional Neural Network ( CNN) is widely used in the task of sentiment
classification. This method mainly uses word vectors as the input of the network. However, in the convolution process,
each word vector can only represent one word and does not contain context information, which reduces the continuity of
information transmission. Aiming at this problem,a CNN model based on word adjacent feature is proposed, which allows
each word vector to carry the characteristics of its adjacent words in the convolution process, which not only guarantees
continuity of information transmission,but also ensures the sequentiality of word vectors in local range. The experimental
results show that the accuracy rate of the proposed method is 89.43% and 85. 61% respectively in the COAE2014
(2 classification) and COAE2015 (3 classification) emotional classification tasks, which verifies the feasibility and
efficiency of the model.

[ Key words] sentiment classification; Convolutional Neural Network ( CNN ) ; word vector; continuity ; sequentiality ;
adjacent feature
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