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Sentiment analysis of epidemic situation based on deep learning
ZHANG Yuan, ZHU Xiaolan, YANG Dongxiao

( Department of Computer Technology and Applications, Qinghai University, Xining 810016, China)

[ Abstract] The COVID-19 pandemic in 2019 has attracted widespread attention in China. In order to assist the government to
grasp the real public opinion and conduct publicity and public opinion guidance for prevention and control work in a more scientific
and effective way, based on the micro—blog content related to COVID-19, this paper adopted the deep learning technology to
classify and predict the emotions of netizens. Firstly, text segmentation, regular expression, part of speech and stop vocabulary
filtering methods were used for preprocessing. Secondly, Bert—CNN model and Bert—RCNN model were constructed to classify and
predict the emotions of netizens in micro—blog. Finally, the identification effects of the two models were verified and compared with
other models, and the experimental results showed that the Bert—RCNN model achieved the best effect, with F'1 - score of 0.702 and
accuracy of 73.56%.
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Fig. 2 Epidemic sentiment analysis model based on Bert—CNN
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Fig. 5 The optimal performance comparison chart of the proposed

models on test set

WE S fros, S0 R ECH GELU 1), #5578
Bert—RCNNAF/I Bert—CNN WU e fE: , feff2s ) %50
H15£0.000 2F10.000 3, Bert— RCNN 45 7 2% 5 5 -
F1 - score {H} 0.702, #EW R K 73.56% , #45r CA
PRSI 2,
4.3.3 AR X L

kT 12 B0 U AR SO AR R () A R TE A
[F] P S 0 R B8 FPPAN P AR A5 1F T, B FL 5 LSTM
Bi—LSTM ,GRU , Bert #5784 (%) S 565 85 R 04T T % L,
X HE5 AR WL 3, EDULXT Ee an &l 6 s,



53

ks, S

BT

B 1 BT 45

*2

B NXAEFRER

Tab. 2 Part of the text segmentation result

AR 7 AR P

S g R R 2 R

BRI S — RIEE X B s T H S T2 AR E

K A L
TR 4 W b R AT, WA 4 R
ST W F BT AN 0 5 R AT fi L

AR U, 75 SRR e I s 400

M 1 ST e e TS it

BRI/ — KRB/ N Kb/ W ok 5 T /80

®3 TRRBEMRE LHT LR

Tab. 3 The performance of some models on the test set
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Fig. 6 Comparison of the performance of some models on the test set
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