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Text emotion analysis method using SWCNN and BiLSTM
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Abstract: Aiming at problems of overlapping semantic roles in text sentences and difficult convergence in the training of high-

dimensional text word vectors, this paper uses a convolution neural networks algorithm which combines emotional word labels with

convolution neural networks. After words are transformed into emotional labels, they are spliced with word vectors and then input

into convolution neural networks, the output features are fused with the features obtained by bidi-rectional long short—term memory

neural network, finally the emotion classification results are output through the full connection network. The experimental results

show that on the microblog COVID-19 comment emotion data set, the accuracy of text emotion feature recognition of the algorithm

model proposed in this study reaches 89.23% , which is at least 1.95% higher than other deep learning algorithms, and the training

has faster convergence speed, which can effectively improve the effect of text emotion recognition and analysis.
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Fig. 2 Text emotion prediction model based on SWCNN and BiLSTM
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Tab. 1 SWCNN model parameter analysis

. 4 5 6
G

100 150 200 100 150 200 100 150 200
(2,3,4) 0.799 0.829 0.831 0.823  0.841  0.839 0.818 0.835 0.825
(3,4,5) 0.813 0.835 0.825 0.828  0.839  0.831 0.811 0.814  0.801
(4,5,6) 0.801 0.807  0.799 0.803  0.811  0.812 0.785  0.797  0.765
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Tab. 2 Algorithm performance comparison %
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SWCNN+BiILSTM 89.23 88.57 74.58 73.09
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Fig. 3 Accuracy change curve of verification set
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