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Supplemental Methods
We used a model, adapted from Shioda et al., to estimate the true cumulative incidence of infection using COVID-19 case data reported to the Michigan Disease Surveillance System (MDSS) and Michigan seroprevalence data from the CDC's Nationwide Commercial Lab Seroprevalence study while accounting for waning antibody1,2. Shioda et al. assumed a constant infection fatality ratio over their period of observation, and used the model to estimate this parameter in order to calculate the true number of infections given observed numbers of cases and deaths. We modified the model to estimate 5 period-specific scaling parameters (ρ1 – ρ5) that could be used to directly multiply observed case reports and allow infection fatality ratios to vary over time. Scaling parameters were estimated for the following periods: from March 1 to June 1, 2020 (ρ1); from June 1 to September 30, 2020(ρ2); from October 1, 2020 to February 28, 2021(ρ3); from March 1 to May 31, 2021 (ρ4); and from June 1 to November 13, 2021 (ρ5).
Following Shioda et al., we estimated the number of seropositive individuals (St) on each day of observation, , as the true number of infections with illness onset on each previous day, , multiplied by the probability that they are seropositive on day : 
.
where  is the true number of SARS-CoV-2 infections on day  calculated as the observed number of confirmed infections reported to MDSS with illness onset on day  multiplied by the period specific scaling parameter. The probability that an individual infected on day  is seropositive on day  is specified by the second half of equation above: . Where  is the probability density function of the Weibull distribution of time from symptom onset to seroconversion. As in Shioda et al. we assumed this distribution had a mean of 11.5 days and standard deviation of 5.7 days3.  is the cumulative density function of the Weibull distribution of time from seroconversion to seroreversion. Shioda et al. estimated the mean time from seroconversion to seroreversion from their data, but we found we could not simultaneously estimate this parameter along with the period-specific scaling parameters due to identifiability issues. Instead, we separately estimated the average time from seroconversion to seroreversion to have a mean 229.7 days (7.6 months) and SD 105.3 days by fitting a Weibull distribution, using a weighted least squares method, to published data on the duration of seropositivity measured by the Abbott ARCHITECT SARS-CoV-2 anti-nucleocapsid IgG immunoassay (Supplemental Figure 2)4,5. This assay was used in the Nationwide Commercial Lab Seroprevalence study in Michigan2. The estimated numbers of true infections and seropositive individuals were constrained such that they could not exceed the total population size. Seroprevalence was calculated as the estimated number of seropositive individuals divided by the estimated cumulative incidence of infection on day .  
The 5 period-specific scaling parameters were estimated by comparing the simulated proportion seropositive to that observed in Michigan by the CDC's Nationwide Commercial Lab Seroprevalence study. CDC's Nationwide Commercial Lab Seroprevalence study seroprevalence estimates were produced approximately every 2 weeks from July 30, 2020 through July 9, 2021, and monthly from September through November 2021; no estimates were made between July 10 and September 5, 2021.  For each round of the CDC's Nationwide Commercial Lab Seroprevalence study, the log-likelihood was calculated comparing the estimated and observed seroprevalence. The overall log-likelihood was calculated as the sum of the log-likelihoods calculated for each Nationwide Commercial Lab Seroprevalence study round. The log-likelihood was calculated according to the binomial distribution:

Where  is the number sampled in each CDC seroprevalence sample,  is the number seropositive in each CDC sample, and  is the model estimated seroprevalence as of the date, ,  of the CDC seroprevalence sample. 
The calculated overall log-likelihood was used in Markov chain Monte Carlo (MCMC) analysis to estimate the period-specific scaling parameters. A random-walk Metropolis-Hastings algorithm was used to sample new candidate parameter values from a normal distribution centered at the value of the current parameter value. Separate models were run to estimate period-specific scaling parameters for the following age groups: 0 to 17, 18 to 49, 50 to 64, and ≥65 years. For each age-group-specific model, we ran the MCMC algorithm for 50,000 iterations with a 10,000 iteration burn in. Convergence was assessed based on visual assessment of trace plots of the posterior samples. Parameter point estimates were taken as the median of the posterior sample, and 95% credible intervals (CrI) were taken as the 2.5th and 97.5th percentiles of the posterior sample.
[bookmark: _GoBack]Code and aggregate data used in this study are available at: https://github.com/jgpetrie/MI_COVID_burden. 


Supplemental Figure 1. Estimated seropositivity over time among A) 0 to 17; B) 18 to 49; C) 50 to 64; and D) ≥65 year olds in Michigan (black line, 95% credible interval: gray area). Estimates and 95% confidence intervals from the CDC Nationwide Commercial Laboratory Seroprevalence Survey are in red.
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Supplemental Figure 2. Probabability of detectable antibody to nucleocapsid protein by time following SARS-CoV-2 invection.
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Supplemental Table 1. Case adjustment factors estimated from incidence and seroprevalence data.
	
	MAR 2020 – 
MAY 2020
	JUN 2020 – 
SEP 2020
	OCT 2020 – 
FEB 2021
	MAR 2021 – 
MAY 2021
	JUN 2021 – 
NOV 2021

	0 to 17 years
	83.0 (35.3, 119.7) 
	5.7 (1.3, 15.1)
	15.0 (11.3, 18.9)
	11.5 (7.8, 15.1)
	25.1 (12.6, 38.2)

	18 to 49 years
	2.1 (1.1, 3.7)
	1.4 (1.0, 2.1)
	4.3 (3.9, 4.6)
	4.3 (3.7, 4.9)
	9.8 (6.1, 13.7)

	50 to 64 years
	1.5 (1.0, 2.4)
	1.2 (1.0, 1.8)
	3.5 (3.2, 3.8)
	4.6 (3.8, 5.3)
	14.4 (9.3, 19.9)

	65+ years
	1.2 (1.0, 1.9)
	1.2 (1.0, 1.8)
	2.5 (2.2, 2.9)
	4.9 (3.8, 6.0)
	7.6 (4.2, 11.4)
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