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Text sentiment analysis combining hybrid neural network and
conditional random field

ZHAI Xueming, WEI Wei
(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: To solve problems such as the long training time of neural network models and insufficient contextual-informa-

tion learning in text sentiment analysis, in this paper, we propose a model that combines a hybrid neural network with

the conditional random field (CRF). Taking the neural network as the language model, the model combines the semant-

ic information and structural features of the convolutional neural network with the bi-directional gated recurrent unit.

The CRF model is used as a classifier that determines the probability distributions of emotions, from which it can then

accurately determine the emotion category. The model was tested on the NLPCC 2014 data set, and achieved an accur-

acy rate 0f 91.74%. Compared with other classification models, the proposed model can obtain better accuracy and F values.
Keywords: convolutional neural network (CNN); gated recurrent unit (GRU); conditional random field (CRF); text sen-

timent analysis; language model; semantic feature; contextual information; classifier
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Fig. 1 Process diagram of sentiment analysis
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Table 4 Test results of different models

FRAY HEfRA  HEER FlA
CNN 0.8665 0.8650 0.8647
BiGRU 0.9096 0.8863 0.8824
CRF 0.8527 0.8559 0.8592
CNN+BiGRU 0.9169 0.9100 0.9091
BiGRU+CRF 0.9107 0.8969 0.9028
C-BG+CRF(430) 0.9174 09118 0.9156
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