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Research on Sentiment Analysis Fused with Dual Channel Semantic Features

LIU Siyao, ZHOU Yanling, LAN Zhengyin, ZHANG Yan, ZENG Zhangfan
(School of Computer Science and Information Engineering , Hubei University , Wuhan 430062, China)

Abstract: Most existing deep learning models have a single structure, which usually reduces the ability to extract text semantic features. To
this end, a sentiment analysis research model integrating dual channel semantic features (FDSF) is proposed. Firstly, the BERT pre trained
language model is used to obtain the dynamic feature vector representation of the text. Then, the global semantic information extracted by the
BiGRU Attention channel is adjusted by attention dynamic weights, and fused with the local semantic information extracted by the CNN chan-
nel for feature vectors. Finally, the fused features are processed through a fully connected layer and Softmax function to output the final emo-
tional polarity. Experiment on online_shopping_10_cats of ChineseNLPcorpus, and dataset compiled by scholars Tan Songbo from the Chinese
Academy of Sciences, compared with existing mainstream sentiment analysis methods, the FDSF model has the best F1 value and accuracy,
proving its effectiveness and feasibility in sentiment analysis tasks.
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Fig.3 CNN local feature extraction
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Table 3 Experimental results of online_shopping 10_cats dataset

%3 online_shopping_10_cats #{#E& FHISLIG LR (%)

i HiRIES RS [ElLES FI{H
GRU 91.66 91.57 91.62 91.68
BiGRU 92.21 92.12 92.16 92.23
TextCNN 91.08 90.97 91.03 91.14
DPCNN 91.57 91.24 91.36 91.54
BERT-base 94.98 94.91 94.92 94.90
AEN-BERT 94.85 94.78 94.83 94.87
FDSF 95.28 95.21 95.26 95.30
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Table 4 Experimental results of hotel reviews dataset

x4 BEETLCHEE LHIBRER (%)
T RTES kS A Fl{g
GRU 84.81 84.68 83.12 83.18
BiGRU 86.38 86.14 85.03 84.76
TextCNN 87.89 86.06 85.66 86.47
DPCNN 88.63 86.49 86.01 87.12
BERT+hase 91.55 89.66 89.99 89.59
AEN-BERT 91.99 90.10 90.33 90.49
FDSF 92.68 90.82 91.31 91.04
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Table 5 Ablation experiment results

RS HELRER (%)
Model online_shopping_10_cats LTS
FDSF-CNN 94.67 90.13
FDSF-BiGRU-Att 95.01 90.67
FDSF-Aut 95.12 90.89
FDSF 95.30 91.04
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