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Research and optimization of infectious
disease prediction based on reservoir computing

XUE Rui

( College of Integrated Circuit Science and Engineering, Nanjing University of Posts and Telecommunications,
Nanjing 210023, China)

Abstract: Taking the spread of the COVID-19 as an example, the prediction model of infectious diseases is established by using
the classical reservoir computing. Based on the characteristics of the algorithm and test data, a unique synchronous time difference
prediction method is adopted : using epidemic development data from most regions to predict the development trend of a few regions.
Simultaneously, high—dimensional data generated by the standard SIR infectious disease model is used to analyze the errors of
multiple levels of reservoir computing networks on the prediction timeline, and the time-varying weight reservoir computing network
is proposed to reduce errors. The results show that the time-varying weight algorithm model can effectively improve prediction
accuracy compared to a single type of reservoir computing, and can reduce the error by 45.6% on the test dataset.
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Fig. 1 Reservoir computing structure
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Fig. 2 Deep reservoir computing structure
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Fig. 3 Synchronous time difference prediction method
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Fig. 5 The impact of reservoir size on errors

6.00E-010
5.00E-010
4.00E-010
?_&é 3.00E-010
2.00E-010
1.00E-010

0.00E+000
0 0.2 0.4 0.6 0.8 1.0
i
El6 itttEEZEIFHMIRZER M
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Fig. 8 Error analysis for prediction values of three types of RC
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