
 

 

  
Short Abstract — Disease transmission dynamics in a given 

population are often characterized by calculating or estimating 
the population-specific basic reproduction number R0. Using 
Bayesian inference and the PyBioNetFit software package, we 
estimated R0 for COVID-19 in each of the 50 states using 2020 
surveillance data (i.e., daily number of cases detected). Our 
estimates indicate that disease transmission varied considerably 
across the states and identify regions at risk of relatively high 
rates of disease transmission if a new disease similar to 
COVID-19 emerges. Our analysis demonstrates that 
PyBioNetFit is a practical tool for solving Bayesian inference 
problems. 
 

Keywords — mathematical model; coronavirus disease 2019 
(COVID-19); basic reproduction number; Bayesian inference; 
PyBioNetFit 

I. INTRODUCTION 
T is well-known that the rate of COVID-19 disease 
transmission depends not only on virological features, but 

also on those of the exposed population, including 
biological, sociobehavioral, and environmental factors (e.g., 
age structure, commuting patterns, and architecture) [1]. 
COVID-19 surveillance data from 2020 offers an 
unprecedented opportunity to identify regional populations 
within the US that are susceptible to rapid spread of an 
aerosol-transmitted virus. 
 With this information, population features that correlate 
with susceptibility to relatively fast disease transmission can 
also be identified. Using PyBioNetFit [2], we focused in this 
work on addressing questions about why COVID-19 and 
similar diseases spread more rapidly in some 
populations/regions than in others. 

II. RESULTS 
In the US, disease surveillance data are collected by 

county health departments. During the COVID-19 
pandemic, analysts most commonly aggregated county-level 
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data to characterize disease transmission within states, 
presumably because state governors drove COVID-19 
responses [3].  

How did early rates of COVID-19 transmission vary 
across the 50 states of the US? In our work reported in 
Viruses in 2022 [4], we addressed this question by 
parameterizing a compartmental model for COVID-19 
transmission dynamics for each of the 50 states for 
consistency with 2020 surveillance data. This model was 
similar to the model that we developed in 2020 [5]. We used 
a model parameterization approach based on Bayesian 
inference and a practical Markov chain Monte Carlo 
sampling algorithm in PyBioNetFit [6]. 

From parameterized models, we obtained estimates of the 
basic reproduction number R0, the expected number of 
secondary cases arising from an index case, using the next-
generation matrix approach [7]. In other words, we 
estimated R0 for each state. Maximum a posteriori (MAP) 
estimates for R0 range from 7.1 for New Jersey to 2.3 for 
Wyoming, indicating that disease transmission varies 
considerably across states. 

III. CONCLUSION 
Our findings imply that the estimation of R0 for US 

subpopulations will help to identify populations that are 
susceptible to rapid transmission of respiratory diseases 
similar to COVID-19. In addition, we demonstrated that 
PyBioNetFit can be used to successfully solve real-world 
Bayesian inference problems. These results should help the 
nation prepare for future pandemics. 
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