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Abstract

Mechanism-based models face difficulties in accurately identifying dynamically changing unknown
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parameters when dealing with incomplete data. Simultaneously, purely data-driven deep learning
models lack the effective constraints of underlying physical laws. To overcome these defects, a pa-
rameter inversion framework based on physics-informed neural networks is constructed. This com-
putational framework transforms epidemic dynamic equations into mathematical residual terms
and directly embeds them into the global loss function of the deep network. By analyzing real epi-
demic data from Malaysia for 120 consecutive days, the experiment utilizes two independent feed-
forward neural networks to approximate the actual epidemiological data and the time-varying pa-
rameters respectively. The research results indicate that this algorithm can effectively filter high-fre-
quency noise in real statistical data, achieve high-precision fitting for state variables, and derive the
evolutionary process of the varying transmission rate. This method combining physical mechanisms
and statistical data effectively solves the parameter calculation problem under data-deficiency con-
ditions. This framework provides a reliable analytical tool for complex epidemiological dynamic
forecasting.
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Table 1. System resulting data of standard experiment
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Figure 1. Schematic of the PINNSs architecture for the SIRVD dynamical model
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Figure 2. Comparison of compartmental fitting results for the SIRVD dynamical model based on synthetic data

2. BT EREBIEN SIRVD IhFECEMAITEE

B Parameter (Infection)

30 1
- |earned B
== True B (0.25)
254—F—T—FF 1" Start PINN

—_—

0 2500 5000 7500 10000 12500 15000 17500 20000
Epochs

Figure 3. Convergence plot of dynamical parameter inversion based on synthetic data
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Figure 4. Fitting comparison of various variables based on real data
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Table 2. Evaluation of the fitting performance of PINNs on Malaysian epidemic data
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Figure 5. Fitting of daily infected numbers and dynamic inversion trajectory of time-varying transmission rate
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Figure 6. Fitting of confirmed case data and dynamic trajectory of time-varying transmission rate
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