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Sentiment analysis of e-commerce reviews based on ERNIE-RCNN model
FU Shuai

(School of Management, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: Aiming at the characteristics of Chinese text, such as poor text normalization, polysemy and great relevance to context,
this paper integrates ERNIE dynamic word vector model and RCNN deep learning model, and proposes an e-commerce review
sentiment analysis model based on ERNIE-RCNN model. Firstly, the ERNIE dynamic word embedding model is used to obtain the
dynamic representation of the comment text, and the text is transformed into a dynamic word vector. The vectorized text is input into
the RCNN model, and a wide range of context information is captured through the RNN structure in the RCNN model to better
obtain the global information. Then, the maximum pooling is used to obtain the important features of the text and highlight the
important information of the text. Finally, the Softmax classification is used. The experimental results on the Jingdong e—commerce
review data set show that the accuracy of the model is higher than other deep learning models, and has strong applicability in the
field of e-commerce reviews.
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Fig. 1 Structure of ERNIE-RCNN
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RCNN ( Recurrent Convolutional Neural Network )
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Table 1 Text data information

Bl HF HE #EF Hit
VRS 2100 750 750 3 600
M4 700 250 250 1200
BHIF4E 700 250 250 1200
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Table 2 Experimental model parameter settings

[EIE 2 it
Batch_size 126
Pad_size 64
Epoch 10

Learning_rate S5e -5
Dropout 0.5
Hidden_size 768
Rnn_hidden 256
Num_layers 2
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Table 3 Test results of different word vector models %
it R P Fl
Word2Vec—RCNN 79.15 80. 19 79.72
BERT-RCNN 84.07 84.21 83.70
ERNIE-RCNN 84.83 85. 65 85.17
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Table 4 Sentiment analysis effect of different deep learning models %

A R P F1
DPCNN 74. 66 75. 67 72.02
BiLSTM 72.80 76.96 73.00
TextCNN 81.44 82.12 81.17

BERT 83. 81 83.79 83.47
ERNIE 84.24 85.34 84.51

ERNIE-RCNN 84.83 85.65 85.17
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