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Studying prediction model of scarlet fever epidemics based on deep learning

ZHAO Ziping', XU Ke*, WU Ying’, SHI Yingying’, SHEN Wenqi’, PENG Zhihang’, LIU Wendong’, BAO
Changjun®,ZHOU Minghao™

'School of Public Health, Nanjing Medical University, Nanjing 211166; °Jiangsu Provincial Center for Disease
Control and Prevention , Nanjing 210009’ Jiangsu Provincial Health Commission , Nanjing 210008, China

[Abstract] Objective: This study aims to compare the performance of seasonal autoregressive integrated moving average (SARIMA )
model and long-short term memory (LSTM ) model in predicting the epidemics of scarlet fever in Jiangsu Province, China, which may
provide decision basis for prevention and control of scarlet fever. Methods: SARIMA model and LSTM model were fitted with data of
monthly scarlet fever cases as well as meteorological variables during 2005-2017 in Jiangsu Province, China. Performance of the
models were evaluated with data during 2018 -2019. Results: The epidemics of scarlet fever in Jiangsu Province showed obvious
seasonality, higherincidences were observed from April to June and from November to next January. SARIMA (3,1,2)(1,1,1) 1, had
the best perfor mance of all the alternative SARIMA models. The optimal LSTM model had 4 LSTM layers and 1 full connected layer,
and each LSTM layer contains 32 memory cells. The mean ahsolute percentage error (MAPE ) of SARIMA model and LSTM model in
testingset were 22.47% and 16.94% , respectively, and the root mean squared error (RMSE) were 227.85 and 152.46, respectively.
Conclusion : LSTM model performed well in predicting the incidence of scarlet fever in Jiangsu province. This model can be used to
investigate the prevalence trends and assess the epidemic risk of scarlet fever, thus providing basis for optimizing and adjusting
monitoring , prevention and control strategies and measures of this disease.
[Key words] deep learning; SARIMA model ; scarlet fever; prediction
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Figure 1 The schematic diagram of LSTM neural network framework
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Figure 2 Monthly observed cases of scarlet fever in Jiangsu Province, 2005-2019
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Table 1 Parameters of fitting efficiency of alternative SARIMA models

FRIUBR2E A A (lag=5)

fBEAY AIC BIC " b
SARIMA(2,1,2)(1,1,0), 1540.78 1558.55 11.41 0.05
SARIMA(3,1,2)(1,1,0), 1536.54 1557.28 0.49 0.99
SARIMA(2,1,3)(1,1,0), 1536.04 1556.78 0.05 1.00
SARIMA(3,1,3)(1,1,0), 1538.03 1561.73 0.06 1.00
SARIMA(2,1,2)(1,1,1), 1519.14 1539.88 9.06 0.11
SARIMA(3,1,2)(1,1,1), 151145 1535.15 0.05 1.00
SARIMA(2,1,3)(1,1,1) 1511.49 1535.19 0.07 1.00
SARIMA(3,1,3)(1,1,1) 1513.44 1540.11 0.04 1.00
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Figure 4 The correlation heat map of meteorological factors in Jiangsu during 2005-2019
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Figure 5 The factor loading heat map of meteorological

factors in Jiangsu during 2005-2019
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Figure 6 Observed monthly scarlet fever and values predicted by different models in Jiangsu during 2005-2019
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