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Abstract

At the beginning of 2020, the rapid outbreak of the COVID-19 epidemic caused many countries to
take many measures to control the spread of the epidemic. At the same time, the emergence of the
epidemic had a great impact on the medical systems and economies of various countries. There-
fore, the estimation and prediction of epidemic information has important reference value for the
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government and enterprises to formulate public health prevention and control measures. For this
fast-spreading highly pathogenic infectious disease, the delay in information acquisition will lead
to more serious consequences. Therefore, it is proposed to apply the ARIMA model and LSTM model
to the epidemic data, and count asymptomatic infected patients and symptomatic infected patients
as new cases. Based on the data from 2020 to 2022, we predict the number of new confirmed cases
in the United States every day in the short term. A bidirectional LSTM was introduced into the
model, and the mean square error (MSE) and mean absolute error (MAE) were used to evaluate
the prediction accuracy of the model under different parameters. The results show that the pre-
dicted disease number obtained by the proposed model and parameters is closer to the actual
disease number, and better prediction data are obtained.
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Figure 1. ARIMA model process
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Figure 2. Bidirectional RNN model structure
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Figure 3. The daily increase in confirmed cases in the United States
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Figure 4. ARIMA model parameter. (a) ACF function parameter; (b) PACF
function parameter
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Table 1. Prediction and evaluation using ARIMA Model
= 1. FH ARIMA REFMFE

model MSE RMSE MAE
ARIMA(®4, 1, 4) 2572650.1491 1593.4940 2447.1835
ARIMA(4, 1, 5) 2572650.1491 1603.9483 2599.8431
ARIMA(4, 1, 6) 1957310.6831 1399.0392 2143.7414
ARIMA(4, 1, 8) 1357596.1943 1165.1593 1783.4039
ARIMA@, 1, 4) 2900335.3640 1902.1521 2976.1856
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Figure 5. Comparison of different parameters of ARIMA model
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Figure 6. Model network structure
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Figure 7. Model loss function
7. REURK R
Table 2. Prediction accuracy of LSTM in each round
F 2. B LSTM FUUEE
timestep epoch LSTM(1) LSTM(2) MSE RMSE MAE
3 500 16 16 2695541.53 1641.81 2704.12
3 500 32 16 2277305.95 1509.07 2587.78
3 500 64 16 2088418.17 1445.14 2412.38
5 500 128 16 916710.50 957.45 1786.65
5 500 16 32 802135.18 895.62 1697.32
5 500 32 32 576506.12 759.28 1508.39
5 500 64 32 394534.73 628.12 1219.65
5 500 128 32 2532267.51 1591.31 2685.57
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Figure 8. Comparison between LSTM actual data and predicted data
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Table 3. Comparison of prediction accuracy under different models
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model MSE RMSE MAE
SIR 1217359.16 1103.34 2101.87
RNN 1155947.52 1075.15 1891.63
LSTM (¥fé0) 660042.50 812.43 1252.53
RNN (R[] 531849.32 729.28 1002.45
ARIMA 1357596.1943 1165.1593 1783.4039
LSTM (i) 394534.73 628.12 1219.65
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