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Abstract 

 The COVID-19 pandemic has prompted most state governments to order residents to stay 

at home. The goal of such orders is to mitigate infection rates to prevent health care system 

overload, thereby dramatically reducing the death toll of the pandemic. This article investigates 

the effectiveness of stay-at-home orders in decreasing COVID-19 infections and fatalities. Using 

a differences-in-differences approach, I estimate stay-at-home orders between mid-March and 

May 9 prevented 1.7 million COVID-19 cases and 55,000 deaths in the United States. Orders state 

governments issued were more effective than local government orders, suggesting consistent 

policy approaches across geographic areas is key. The effects were concentrated in urban and 

higher wage counties. Based on the day of the week infections are prevented, I also find some 

evidence that the cases stay-at-home orders prevent are largely those that would have occurred at 

work rather than from recreation.   
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Introduction 

The COVID-19 pandemic has profoundly impacted life across the world. More than 4 

million cases and 280,000 deaths have been confirmed globally as of May 10, 2020. The virus has 

particularly affected the United States, where roughly one-third of global infections and deaths 

have occurred. Reducing COVID-19 new infections and fatalities is a critical priority for 

policymakers at all levels. 

The most dramatic policy local and state policymakers have enacted to counter rising 

infections is to broadly order individuals to stay at home. Stay-at-home orders (sometimes also 

called “shelter in place orders”) are a collection of policy interventions that seek to limit the spread 

of the virus. Common characteristics of the orders include shutting down schools and daycare 

facilities, prohibiting restaurants and bars from serving customers on site, closing non-essential 

businesses, and prohibiting gatherings of people. These severe measures have had a dramatic effect 

on daily life and the economy, yet empirical evidence on their impacts remains sparse. 

This article studies the effect of stay-at-home orders on U.S. coronavirus infections and 

fatalities. My data combine information on COVID-19 infections, fatalities, and testing rates with 

each documented stay-at-home order in the United States. I estimate the effects of stay-at-home 

orders using a difference-in-differences model. States that adopted stay-at-home orders and those 

that have not exhibit extremely similar trends prior to adoption, indicating the differences-in-

differences model is appropriate. I find stay-at-home orders substantially decreased COVID-19 

infections and fatalities. Counties under stay-at-home orders exhibited an average of 14 fewer daily 

COVID-19 cases and 0.5 fewer daily COVID-19 fatalities. The total nationwide impact of stay-at-

home orders between January 21st and May 9th was 1.7 million fewer cases and 53,000 fewer 

deaths. Orders from state governments were more effective than their local government 

counterparts. The benefits of orders were concentrated in counties that are urban, relatively less 

white, relatively higher income, and have relatively more hospitals per person.  

1. Stay-at-home orders and the COVID-19 Pandemic  

 The first confirmed case of COVID-19 in the U.S. was identified on January 21 in 

Snohomish County, Washington. For the next month and a half, the number of cases slowly 

trickled up, with 70 cases and only one death as of February 29. In March, the disease exploded, 

with the number of confirmed cases roughly doubling every three days—by the end of the month, 
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there were 140,000 cases and 2,500 deaths . Figure 1 presents the evolution of COVID-19 cases 

and deaths in the United States.  

[Figure 1] 

Faced with rapidly escalating infections and fatalities, local and state policymakers 

severely curtailed individual behavior. The first stay-at-home order in the country, in the San 

Francisco Area, closed all non-essential businesses. Grocery stores and pharmacies remained open, 

restaurants could deliver, and first responders and infrastructure workers could continue going to 

work. The order required people to remain at least six feet apart, not have gatherings outside of 

their homes, and only travel if necessary. Such draconian measures soon became commonplace, 

as other jurisdictions adopted similar restrictions. California adopted a stay-at-home order for the 

entire state on March 19. Illinois and New Jersey did so on March 21. More states followed, and 

by the end of March, approximately 70% of the U.S. population lived under a stay-at-home order.2 

By the end of April, as new infections slowed and the economic toll of the COVID-19 pandemic 

was becoming more apparent, several states began to rescind stay-at-home orders. State 

policymakers cited concerns that the costs of closing most businesses and ordering most people to 

not go to work exceeded the continuing benefits of the orders for public health. Alaska, Colorado, 

Mississippi, and Montana were among the first states to begin relaxing statewide stay-at-home 

orders. As of May 9, 20 states were permitting various businesses to function, though often with 

capacity and social distancing restrictions.  

Empirical evidence on the effect of COVID-19 stay-at-home orders is rapidly coming to 

light. Alexander and Karger (2020) demonstrated that stay-at-home orders decreased county-level 

measures of mobility by 9 to 13%.  Fowler et al. (2020), using a structural epidemiological model 

of infections, provided evidence that stay-at-home orders substantially decreased the growth rate 

of COVID-19 cases, and the orders had a greater effect the longer they were in place. Wang (2020) 

provided evidence that stay-at-home orders in Wuhan, China reduced infections by approximately 

95% based on the pre-order infection rates.  

Of course, stay-at-home orders are not without cost. The economic impact of shutting down 

most businesses is potentially very large (Luo et al. 2020). But isolating the economic effects 

attributable to stay-at-home orders themselves versus latent social distancing can be difficult; one 

study estimates that restaurant and bar closures are responsible for 13% of the growth in 

 
2 Appendix Table 1 lists all stay-at-home orders and their beginning dates. 
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unemployment in March 2020 (Kong and Prinz 2020). Social isolation takes a toll on mental 

health, and suicide rates and substance abuse may increase as the length of stay-at-home orders 

increases (Doyle et al. 2020). 

Yet none of these articles provide evidence on the most critical goal of stay-at-home orders: 

decreasing COVID-19 fatalities. This article fills that gap and explores how the benefit of stay-at-

home orders varied with county characteristics and what jurisdiction issued the order. 

2. Data sources 

The data in this project are drawn from a variety of publicly available sources. The key 

dependent variables, COVID-19 cases and fatalities, are from the New York Times’ COVID-19 

repository.3 The New York Times data include cumulative daily infection and death counts for 

every county in the United States.4 To facilitate comparisons across counties of different sizes, I 

convert the New York Times counts to fatality and infection rates per 100,000 county residents.5 

Consistent with Fowler et al. (2020), I exclude from the analysis deaths that the New York Times 

did not assign to a specific county. The New York Times data also provide covariates in my 

analysis: the cumulative number of COVID-19 infections and the cumulative mortality rate of 

COVID-19 (measured as cumulative deaths divided by cumulative infections). To account for the 

likelihood states performing more tests will have higher COVID-19 counts, I also control for the 

level of tests performed in states with data from the COVID Tracking Project.6 The sample spans 

January 21, 2020 to May 9, 2020.  

I gather data on whether a stay-at-home order covers a county on a particular date from a 

variety of sources. Reporting from the New York Times provides a compilation of many stay-at-

home orders (Fowler et al. 2020). I cross-checked the New York Times orders with WikiData’s 

repository of stay-at-home orders, which includes more than 500 municipal, county, and state stay-

at-home orders, each documented by a local news announcement.7 The WikiData compilation 

includes many orders not apparent from New York Times reporting. Finally, in states with no 

 
3 The New York Times’ data is available at https://github.com/nytimes/covid-19-data (last accessed May 1, 2020).  
4 The New York Times’ data is updated daily when corrections to previous data are found. Classical measurement 
error may exist in the data as a result. Occasionally, this results in cumulative counts for a day that are smaller than 
the previous day. Rather than increase counts to ensure consistency (and potentially introduce systematic over-
counting of observations), I leave the inconsistent cumulative counts unaltered.  
5 County population levels are from 2018 Census projections.  
6 Data area available here: https://covidtracking.com/data. 
7 The full set of WikiData orders can be found by running the WikiData query linked here.  
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statewide order, I individually searched for counties that had an order but were not in either 

previous source.  

Finally, for my subsample analysis I gather data on county urbanization, hospital counts, 

the percent of the county that is white, and the average weekly wage in the county. Data on 

urbanization is from the National Council of Health Statistics’ 2013 Urban-Rural classification 

scheme.8 I draw hospital counts from the National Provider Identifier Registry. Population 

demographics are from 2018 Census projections. Data on average county wages are from the 

Bureau of Labor Statistics’ 2019 Quarterly Census of Employment and Wages. 

Table 1 provides summary statistics for the sample. The average county has experienced 

34 COVID-19 cases and 1.3 fatalities per 100,000 county residents. The average county’s COVID-

19 mortality rate is approximately 1%. A stay-at-home order covers approximately a quarter of 

counties on any day in the sample, with state governments issuing most orders rather than 

municipal or county governments.  

[Table 1] 

3. Methods and estimating equation 

 I use a difference-in-differences estimator to identify the effect of stay-at-home orders on 

COVID-19 cases and fatalities. The estimating equation takes the following form: 

 𝑌"# = 𝛼 + 𝛽( × 𝑆𝐴𝐻"# + 𝑋"#𝛽. + 𝛾" + 𝛿# + 𝑒"#. (1) 

In equation 1, the dependent variable 𝑌"# is either daily new fatalities or infections (in county 𝑐 on 

day 𝑡) per 100,000 county residents. The key advantage of a linear model over the epidemiological 

model used in Fowler et al. (2020) is that fewer assumptions are necessary to calculate the impact 

of stay-at-home orders on fatality rates. In a model estimating the impact of stay-at-home order on 

growth rates (either an epidemiological model or a logarithmic equation), calculating the total 

number of cases and deaths prevented requires several assumptions about how infections grow in 

the absence of orders. The variable SAH is the primary variable of interest, equal to one if a stay-

at-home order covers a county.9 And 𝑋"# is a vector containing the other time varying county 

characteristics I control for: 𝐿𝑎𝑔𝑔𝑒𝑑	𝑐𝑎𝑠𝑒	𝑟𝑎𝑡𝑒"#, 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦"#, and 𝑇𝑒𝑠𝑡	𝑟𝑎𝑡𝑒A#. 

𝐿𝑎𝑔𝑔𝑒𝑑	𝑐𝑎𝑠𝑒	𝑟𝑎𝑡𝑒"# is the cumulative level of COVID-19 infections per 100,000 county residents 

 
8 I classify large central metro, large fringe metro, and medium metro counties as urban and small metro, micropolitan, 
and noncore counties as rural.  
9 For orders issued at the municipal level, SAH is set equal to the proportion of a county’s population that the order 
covers.  
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lagged by four days,10 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦"# is the cumulative count of COVID-19 deaths divided by cases, 

and 𝑇𝑒𝑠𝑡	𝑟𝑎𝑡𝑒A# is the total number of COVID-19 tests performed in the state per 100,000 state 

residents. The parameters 𝛾" and 𝛿# are fixed effects for counties and days. The county fixed effects 

are critical, as they control for local characteristics that may affect infection and fatality rates (Baud 

et al. 2020). Finally, I include county-specific time trends to control for any residual linearly 

evolving county characteristics. I estimate equation 1 using ordinary least squares.11 Standard 

errors are robust and clustered on county (Cameron & Miller 2015). 

 The difference-in-differences estimator provides a valid estimate of the effect of stay-at-

home orders if treated and untreated states would have conditionally evolved similarly but for the 

imposition of the stay-at-home orders (Mora and Reggio 2019). The raw data provide strong 

evidence that the “parallel trends assumption” is satisfied here, as shown in Figure 2.  

[Figure 2] 

Until the average date that stay-at-home orders were in place, the cumulative cases in counties 

with and without stay-at-home orders follow a very similar pattern. Thereafter, cases and infections 

in stay-at-home counties appear to grow slightly faster, but the trends remain alike. To the extent 

any bias exists from a violation of the parallel trends assumption, it will attenuate the negative 

point estimates presented below, so that my results are a lower bound on actual fatalities and 

infections prevented.12 The new cases and fatalities data exhibit similarly parallel trends, though 

admittedly the data is far noisier. In fact, new cases and fatalities demonstrate regular spikes and 

drops in both stay-at-home and non-stay-at-home counties, 

4. The effect of stay home orders on COVID-19 deaths 

4.1 Base results 

 
10 A lagged rate of four days is consistent with the medical literature demonstrating the median incubation period for 
COVID-19 is four days (Guan et al. 2020). The results are robust to using no lag or a one-day lag.  
11 I estimate ordinary least squares using the reghdfe Stata command (Correia 2017). Poisson estimation is 
inappropriate because of the occasional negative new infection and fatality estimates discussed in footnote 4. Though 
Poisson estimation can be more efficient if the dependent variable is not conditionally overdispersed, editing the 
cumulative case counts could systematically undercount new infections and fatalities and positively bias my estimates 
(Millimet and Parmeter 2019).  
12 Appendix Table 3 provides a robustness check to the validity of the parallel trends assumption by re-estimating the 
difference in difference equation including several county-specific polynomial trends. Such trends can capture any 
residual time-varying characteristics of counties while sacrificing model power. As the table shows, the main results 
are robust to including no trends, and linear and quadratic trends. The point estimates on the effects of stay-at-home 
orders is always negative, though higher order trends generally do not yield statistically significant results for cases. 
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Stay-at-home orders had a profound effect on COVID-19 infections and fatalities. As the 

results in Table 2 show,13 the imposition of a stay-at-home order decreased COVID-19 cases in 

the average county by 14.2 cases per 100,000 county residents. More importantly, stay-at-home 

orders decreased COVID-19 deaths by 0.5 fatalities per 100,000 county residents. Interestingly, 

the ratio of the decreases is larger than the average COVID-19 mortality rate, demonstrating that 

efforts to “flatten the curve” to prevent heath care system overload have been successful. In other 

words, the marginal benefit to decreasing COVID-19 cases, measured in fatalities prevented, is 

increasing in COVID-19 cases. Extrapolating the estimated effect to each jurisdiction and day a 

stay-at-home order covered, the orders have prevented approximately 1.7 million COVID-19 cases 

and saved 54,000 lives. Stay-at-home orders are estimated to have decreased COVID-19 infections 

by 61% and deaths by 49% during the sample period.  

[Table 2] 

The remaining estimates in Table 2 are largely consistent with expectations. The negative 

association between lagged COVID-19 cases and current new COVID-19 cases is surprising at 

first, but not inconsistent with epidemiological models.14 Additionally, because the New York 

Times data measure cumulative cases rather than active cases, many of the individuals in the count 

have already recovered. A negative association could manifest if recovered individuals outnumber 

infected individuals in many counties. Finally, the negative coefficient may also represent the 

association between lagged infection rates and latent social distancing that individuals undertake 

regardless of stay-at-home orders, which other researchers have demonstrated (Engle et al. 2020). 

Local COVID-19 mortality rates are strongly associated with higher daily COVID-19 fatalities—

a one percentage point increase in local COVID-19 mortality implies 0.4 more COVID-19 

fatalities per 100,000 county residents. And as expected, counties in states that have engaged in 

more extensive testing have more observed COVID-19 cases. Interestingly, there is no statistically 

significant relationship between statewide testing rates and COVID-19 deaths, suggesting that 

individuals who die from COVID-19 are very likely to be correctly identified even in places that 

 
13 The results in Table 2 are robust to using different specifications and functional forms. Appendix Table 3 shows the 
results are robust to varying levels of county-specific time trends. And Appendix Table 4 shows that the results are 
entirely consistent if a logarithmic equation is estimated—the logarithmic equation demonstrates that stay-at-home 
orders decrease COVID-19 cases and fatalities by 22.4% and 28.7%. 
14 Estimating equation 1 with cumulative cases as the dependent variable demonstrates a positive association between 
lagged cases and current cases. The negative coefficient in Table 1 and this result are jointly consistent with cases 
growing exponentially over time with an exponent between 1 and 2.  
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are undertesting. Accordingly, the true average mortality rate of COVID-19 is likely smaller than 

the observed 1%.  

Stay-at-home orders grow more effective over time. Figure 3 illustrates the results of re-

estimating equation 1 using a separate binary variable for the first ten days since the enactment of 

a stay-at-home order.15 The orders had little effect after one day in effect, consistent with a non-

zero incubation period for COVID-19. But over ten days, the effectiveness of the orders increased 

to a full 15 fewer cases per day per 100,000 county residents. The fatality data exhibit a similar 

(albeit more variable) pattern of increasing effectiveness.  

[Figure 3] 

4.2. Local versus state orders 

Policymakers including local, state, and federal officials, have engaged in an extensive 

debate over what level of government should control stay-at-home orders. Local officials have 

better information about local conditions than officials at the state and federal levels. Local actors 

may also be able to respond more rapidly to developing crises than state and federal actors. Yet 

state and federal health policy officials will almost certainly have greater resources at their 

disposal, can aggregate information from more sources, and can ensure consistent approaches 

across jurisdictions. Consistency may be a key benefit when battling an infectious disease. 

Particularly in areas where individuals commute across city or county borders for work and 

recreation, local orders may be insufficient to reduce infection rates. And of course, local and state 

officials may have irreconcilable policy preferences. Because of the competing benefits and costs 

of intervention at different government levels, the optimal level at which to implement or remove 

stay-at-home orders is an empirical question. 

State stay-at-home orders are substantially more effective at preventing COVID-19 

infections and fatalities. Table 3 presents estimates of equation 1 with stay-at-home orders 

disaggregated into local- and state-implemented orders.16  Municipal orders had no statistically 

significant effect on COVID-19 cases and decreased deaths by 0.3 per 100,000 county residents, 

though the effect is significant only at the ten percent level. In contrast, state government issuing 

 
15 I estimate the event study using the eventdd Stata command (Clarke & Schythe 2020).   
16 An order is local if it was issued by a municipal, tribal, or county government. When a statewide order follows a 
local order, both varaibles are set to one. When a statewide reopening order is in place, both variables are set to zero.   
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stay-at-home decreased daily COVID-19 cases and deaths by 13.5 and 0.5 per 100,000 county 

residents in the average county.  

[Table 3] 

The greater efficacy of statewide orders likely occurs through a variety of mechanisms. 

States have more resources to gather information and determine when a critical threshold of 

infections requires a reaction. And because infection rates in one county will tend to increase 

infection rates in adjacent counties, state governments can implement orders that reduce infection 

externalities. Also, state orders occurred almost universally after local orders within a state. State 

orders have accordingly been in place for longer and, given the results demonstrating that time is 

necessary for the orders to take full effect, are mechanically more likely to have a beneficial effect. 

The main policy implication is that states (and perhaps the federal government) should be willing 

and able to overrule local governments to implement stay-at-home orders. However, the data are 

insufficient at the moment to suggest whether the opposite is true—that state governments should 

be able to overrule local entities to remove stay-at-home orders as occurred frequently in early 

May.  

4.3. Stay-at-home orders and local county characteristics 

 The efficacy of stay-at-home orders may vary substantially by local characteristics. The 

orders are likely more effective in urban counties, where ordering individuals to stay-at-home has 

a greater marginal impact on the number of people that someone encounters daily. Likewise, the 

orders may be more effective at decreasing fatalities in areas with fewer hospitals per person, as 

stay-at-home orders decrease the probability that scare hospital resources are overloaded. Media 

reports indicate that COVID-19 infection and fatality rates are higher among non-white 

populations; though the mechanism is unclear, stay-at-home orders may have a larger impact 

among more vulnerable demographic groups. Finally, because stay-at-home orders exempt 

“essential” workers, particularly employees working in food supply with lower-than-average 

wages, we may expect the orders to be more effective in areas with higher than average wages. 

Workers with higher incomes are more likely to work white collar jobs which can be done from 

home as well, so orders in counties with higher incomes may affect a greater portion of workers 

than orders in their counterparts.  

 Stay-at-home orders are more effective in urban counties, less white counties, and higher 

income counties. Table 4 presents estimates of equation 1 on relevant county subsets. Stay-at-

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=3600905



 9 

home orders in urban counties prevented 17.2 cases and 0.5 deaths per day per 100,000 county 

residents. I also estimate a positive effect of stay-at-home orders in rural areas. The effect could 

be related to the relationship between political beliefs and compliance with stay-at-home orders 

documented elsewhere (Painter and Qiu 2020), though further research should be done before 

concluding the effect is meaningful. The weak statistical significance for the cases model suggests 

the positive coefficient is spurious. Orders in counties that are less white than median prevented 

4.7 daily infections and 0.5 daily deaths per 100,000 county residents, while no statistically 

significant effect is present for non-white counties. Given that urban counties are much more likely 

to be less white than the median county, the result may merely validate the results for urban and 

rural counties. But if lack of access to health care resources explains the higher COVID-19 rates 

of non-white individuals, the results indicate that stay-at-home orders might disproportionally 

benefit individuals who lack health care access. And finally, stay-at-home orders had a much larger 

impact in counties with higher incomes. Stay-at-home orders in counties with average weekly 

wages higher than $770 experienced 5.4 fewer daily COVID-19 infections and 0.5 fewer daily 

COVID-19 deaths than their lower-wage counterparts. No statistically significant benefit occurred 

in low wage counties. The results are consistent with stay-at-home orders being largely perfunctory 

in counties where most workers are in low-wage occupations that orders deem “essential.” 

[Table 4] 

 4.4.  Day of week effects 

The final analysis in this paper looks at the impact of stay-at-home orders by the day of 

week. As Figure 1 demonstrated, COVID-19 cases and fatalities exhibit a cyclical pattern with 

days of the week. New cases are approximately 20% higher on Thursday, Friday, and Saturday 

than on Sunday through Wednesday. And new deaths are roughly 57% larger on Monday through 

Thursday than on Friday, Saturdays, and Sundays. These trends could reflect systematic reporting 

differences by date. For example, the death numbers make a lot of sense if individuals charged 

with documenting new COVID-19 fatalities work Monday through Friday. But it is also possible 

that the difference in infection and death numbers by day reflect that individuals are more likely 

to test positive for COVID-19 on Thursdays, Fridays, and Saturdays than they are on other days 

of the week. Accordingly, stay-at-home orders may have differential effects based on behavior 

that differs based on the day of the week.  
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Stay-at-home orders had the largest impact on newly reported COVID-19 cases on Tuesday 

through Friday, and the largest impact on reported deaths on Sunday and Monday. Table 5 provides 

the results from estimating equation 1 using a different binary variable for a stay-at-home order 

being active on each day of the week. Stay-at-home orders decreased newly reported cases on 

Tuesday, Wednesday, Thursday, and Saturday by about 15 cases per day per 100,000 individuals. 

The point estimate on Friday effects is substantially larger at 27 cases per day per 100,000 

individuals, though it is only significant at the ten percent level. Sunday exhibits no significant 

effect, and stay-at-home orders only decreased reported cases on Monday by 8.5 cases per day per 

100,000 individuals. A similar pattern exists for deaths, though for different days. Fatalities are 

reduced most on Friday, Saturday, Sunday, and Monday, by 0.7 fatalities per 100,000 people. 

Thursday exhibit a roughly 50% smaller daily reduction. No significant effect exists on Tuesday 

and Wednesday.  

The day-of-week results provide weak evidence that stay-at-home orders have primarily 

decreased COVID-19 cases and fatalities from work rather than recreation. The larger estimated 

effects do not line up well with the dates on which reported cases and deaths are higher, suggesting 

that if those spikes are caused by systematic flaws in reporting timing those same flaws do not 

drive the difference in coefficients. If individuals wait for a few days after the onset of symptoms 

before seeking a test, then the larger effect on decreased cases on Thursday, Friday, and Saturday 

may be attributable to fewer infections on Monday, Tuesday and Wednesday. And given that the 

median time between the onset of COVID-19 symptoms and death for those who do not survive 

is 17.8 days (Verity et al. 2020), Monday, Tuesday, and Wednesday infections would result in 

fatalities on  Friday, Saturday, Sunday, and Monday—the days with the largest fatality reductions 

from stay-at-home orders. Accordingly, the results provide some evidence that stay-at-home orders 

decrease cases most on Mondays, Tuesdays, and Wednesdays, when individuals would otherwise 

be most likely to be at work. Of course, these results can not entirely rule out systematic cyclical 

reporting as an explanations, but the results at least provide attenuated evidence about the 

mechanism for stay-at-home orders’ effects. 

5.  Conclusion 

The analyses here indicate that stay-at-home orders have had an enormous impact on 

COVID-19 infections and fatalities. If local governments and states had universally declined to 

implement stay-at-home orders, U.S. infections and deaths would have roughly doubled. But not 
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all stay-at-home orders are created equal. State orders are more effective than those issued by their 

local counterparts. And stay-at-home orders have proven less effective at reducing infections in 

rural areas and areas with lower incomes. The evidence is strong that stay-at-home orders remain 

a critical piece of the response to the ongoing COVID-19 pandemic.  
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Figure 1: COVID-19 cases and deaths over time 
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Figure 2: COVID-19 cases and deaths by stay at home order status 
 Cases Fatalities 

Cumulative 

  

New 

  
Note: The blue and red lines provide average fatality rates in counties under and not under a stay 
at home order, respectively. The vertical red line illustrates the average day that stay at home 
orders were implemented.  
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Figure 3: Effect of stay at home orders over time 
Cases Fatalities 
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Table 1: Summary Statistics 
 

Variable Mean Median Standard 
Deviation 

    
Cumulative infections per 100,000 residents 33.925 0.000 154.654 
Daily new infections per 100,000 residents 1.765 0.000 19.080 
    
Cumulative fatalities per 100,000 residents 1.332 0.000 7.379 
Daily fatalities per 100,000 residents 0.074 0.000 0.762 
    
COVID-19 mortality (%) 0.011 0.000 0.049 
Statewide tests per 100,000 state residents 412.229 3.328 722.551 
    
Stay at home order 0.267 0.000 0.442 
   Local order 0.033 0.000 0.177 
   State order 0.262 0.000 0.440 
    
Population (100,000s) 1.047 0.258 3.338 
Rural county (%) 0.742 1.000 0.437 
Urban county (%) 0.258 0.000 0.437 
Hospitals per 100,000 residents 3.794 0.959 14.500 
White population (%) 0.846 0.914 0.162 
Average weekly wage ($) 804.109 770.000 178.844 
Note: N = 338,364. Observations are at the county-day level.  
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Table 2: Base Results 
 

Variable Cases Deaths 
   
Stay at home order -14.287 -0.451 
 (5.124)*** (0.117)*** 
Lagged case rate -0.178 0.000 
 (0.029)*** (0.000) 
Local COVID-19 mortality -54.782 40.781 
 (80.677) (6.234)*** 
Statewide tests per 100,000 people 0.029 -0.000 
 (0.009)*** (0.000) 
Constant 104.610 -0.033 
 (24.183)*** (0.670) 
   
Predicted total national reduction 1,701,907 53,724 
 (505,608, 2,898,207) (26,347, 81,100) 
Note: N = 338,634. Dependent variable in each column is new daily COVID-19 cases or deaths 
per 100,000 county residents. Observations are at the county-day level. Regressions weighted 
by COVID-19 cases in county. Standard errors clustered on county in parentheses. For national 
prediction reductions, 95% confidence intervals in parentheses.  
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Table 3: Local Versus State Orders 
 

Variable Cases Deaths 
   
Local stay at home order -4.997 -0.318 
 (4.286) (0.192)* 
State stay at home order -13.543 -0.457 
 (4.974)*** (0.119)*** 
Lagged case rate -0.178 0.000 
 (0.029)*** (0.000) 
Local COVID-19 Mortality -55.562 40.748 
 (80.449) (6.209)*** 
Statewide tests per 100,000 people 0.030 -0.000 
 (0.009)*** (0.000) 
Constant 104.277 0.023 
 (23.540)*** (0.678) 
Note: N = 338,634. Dependent variable in each column is new daily COVID-19 cases or deaths 
per 100,000 county residents. Observations are at the county-day level. Regressions weighted 
by COVID-19 cases in county. Standard errors clustered on county in parentheses.  
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Table 4: Stay-at-Home Orders and Local Characteristics 
 

County Subset Cases Deaths 
Urbanization   
  Rural counties 3.564 0.223 
 (1.924)* (0.110)** 
  Urban counties -17.722 -0.521 
 (6.328)*** (0.121)*** 
Health care resources   
  More hospitals per person -7.986 -0.433 
 (1.860)*** (0.105)*** 
  Fewer hospitals per person -26.101 0.215 
 (27.468) (0.146) 
Race   
  More white counties 1.408 -0.083 
 (2.577) (0.096) 
  Less white counties -15.515 -0.450 
 (5.614)*** (0.121)*** 
Income   
  Higher average wages -8.687 -0.470 
 (2.257)*** (0.111)*** 
  Lower average wages -18.921 0.223 
 (18.377) (0.118)* 
Note: N = 338,634. Dependent variable in each column is new daily COVID-19 cases or deaths 
per 100,000 county residents. Entries are the coefficient and standard error from estimating the 
effect of state at home orders on COVID-19 cases in the relevant subset of counties. For hospital, 
race, and income county subsets, counties are divided along the median of the relevant value.  
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Table 5: Stay at home order effect by day of week 
 

Panel A: New COVID-19 cases per 100,000 residents 
Monday Tuesday Wednesday Thursday Friday Saturday Sunday 
-8.534 -13.411 -16.517 -15.870 -27.114 -14.081 -5.069 
(4.116)** (5.070)*** (5.252)*** (5.288)*** (16.156)* (6.567)** -4.041 

       
Panel B: New COVID-19 fatalities per 100,000 county residents 

Monday Tuesday Wednesday Thursday Friday Saturday Sunday 
-0.798 -0.193 -0.146 -0.309 -0.680 -0.453 -0.781 
(0.175)*** -0.161 -0.291 (0.152)** (0.169)*** (0.133)*** (0.182)*** 

       
Note: Dependent variable in each column is new daily COVID-19 cases or deaths per 100,000 
county residents. Each entry is the coefficient on stay-at-home orders interacted with the relevant 
day of the week. Observations are at the county-day level. Regressions weighted by COVID-19 
cases in county. Standard errors clustered on county in parentheses.  
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Appendix Table 1: Stay at home orders start date 
 

Location Dates 
San Francisco Bay Area – Alameda, Contra Costa, Marin, Santa Clara, San 
Francisco, and San Mateo Counties, California 3/17 

Santa Cruz County, California 3/17 
Ventura County, California 3/17 
Yuba and Sutter counties in California 3/18 
Mendocino County, California 3/18 
Monterey County, California 3/18 
Palm Springs, California 3/18 
San Benito County, California 3/18 
Solano County, California 3/18 
Sonoma County, California 3/18 
California 3/19 
Fresno, California 3/19 
Los Angeles, California 3/19 
Sacramento County, California 3/19 
Yolo County, California 3/19 
San Miguel County, Colorado 3/19 
Athens, Georgia 3/19 
Blaine County, Idaho 3/19 
Navajo Nation 3/20 
Wiyot Tribe 3/20 
El Dorado County, California 3/20 
Humboldt County, California 3/20 
Placer County, California 3/20 
Oak Park, Illinois 3/20 
New Orleans, Louisiana 3/20 
Makah Reservation 3/21 
Illinois 3/21 
New Jersey 3/21 
Los Angeles County, California 3/21 
Lummi Nation 3/22 
New York State 3/22 
Anchorage, Alaska 3/22 
Dougherty County, Georgia 3/22 
Oxford, Mississippi 3/22 
Tupelo, Mississippi 3/22 
Nashville, Tennessee 3/22 
Edmonds, Washington 3/22 
Yakima County, Washington 3/22 
Alleghany, Bucks, Chester, Delaware, Monroe, and Montgomery Counties, 
Pennsylvania 3/23 

Quinault Indian Nation 3/23 
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Yakima Nation 3/23 
Connecticut 3/23 
Wind River Indian Reservation 3/23 
Louisiana 3/23 
Ohio 3/23 
Oregon 3/23 
Red Lake Indian Reservation 3/23 
West Virginia 3/23 
Pitkin County, Colorado 3/23 
Honolulu County, Hawaii 3/23 
Brunswick, Maine 3/23 
Nantucket, Massachusetts 3/23 
Provincetown, Massachusetts 3/23 
St. Louis, Missouri 3/23 
Philadelphia, Pennsylvania 3/23 
Davidson County, Tennessee 3/23 
Bell County, Texas 3/23 
Dallas County, Texas 3/23 
Lampasas, Texas 3/23 
McLennan County, Texas 3/23 
Richardson, Texas 3/23 
Stephens County, Texas 3/23 
Val Verde County, Texas 3/23 
Waco, Texas 3/23 
Everett, Washington 3/23 
Milwaukee, Wisconsin 3/23 
Nooksack Tribal Council 3/24 
Delaware 3/24 
Kansas City metropolitan area, Kansas and Missouri 3/24 
Michigan 3/24 
New Mexico 3/24 
Birmingham, Alabama 3/24 
Boulder, Colorado 3/24 
Denver, Colorado 3/24 
Alachua County, Florida 3/24 
Miami Beach, Florida 3/24 
Miami, Florida 3/24 
Atlanta, Georgia 3/24 
Blakely, Georgia 3/24 
Brookhaven, Georgia 3/24 
Carroll County, Georgia 3/24 
Lowndes County, Georgia 3/24 
Pickens County, Georgia 3/24 
Rome, Georgia 3/24 
Sandy Springs, Georgia 3/24 
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Savannah, Georgia 3/24 
Tifton, Georgia 3/24 
Chilmark, Massachusetts 3/24 
Fulton, Mississippi 3/24 
Cass County, Missouri 3/24 
Jefferson County, Missouri 3/24 
St. Charles County, Missouri 3/24 
St. Joseph, Missouri 3/24 
Clay County, North Carolina 3/24 
Block Island, Rhode Island 3/24 
Memphis, Tennessee 3/24 
Memphis, Tennessee 3/24 
Arlington, Texas 3/24 
Austin, Texas 3/24 
Bexar County, Texas 3/24 
Brazos County, Texas 3/24 
Castro County, Texas 3/24 
Chambers County, Texas 3/24 
Collin County, Texas 3/24 
Dallas, Texas 3/24 
Edinburg, Texas 3/24 
El Paso County, Texas 3/24 
Fort Worth, Texas 3/24 
Galveston County, Texas 3/24 
Garland, Texas 3/24 
Harris County, Texas 3/24 
Hunt County, Texas 3/24 
Liberty County, Texas 3/24 
Rockwall County, Texas 3/24 
Royse City, Texas 3/24 
San Antonio, Texas 3/24 
Tarrant County, Texas 3/24 
Travis County, Texas 3/24 
Williamson County, Texas 3/24 
Woodcreek, Texas 3/24 
Northampton and Lehigh counties in Pennsylvania 3/25 
Swinomish Indian Reservation 3/25 
Hawaii 3/25 
Idaho 3/25 
Indiana 3/25 
Vermont 3/25 
Washington 3/25 
Wisconsin 3/25 
Haines Borough, Alaska 3/25 
Skagway, Alaska 3/25 
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Doral, Florida 3/25 
Leon County, Florida 3/25 
Canton, Georgia 3/25 
Cobb County, Georgia 3/25 
Decatur, Georgia 3/25 
Floyd County, Georgia 3/25 
Maui County, Hawaii 3/25 
Marion County, Indiana 3/25 
Atchison County, Kansas 3/25 
Miami County, Kansas 3/25 
Morris County, Kansas 3/25 
Sedgwick County, Kansas 3/25 
Boone County, Missouri 3/25 
Boone County, Missouri 3/25 
Randolph County, Missouri 3/25 
Ray County, Missouri 3/25 
Beaufort, North Carolina 3/25 
Durham, North Carolina 3/25 
Pitt County, North Carolina 3/25 
Norman, Oklahoma 3/25 
Portland, Oregon 3/25 
Erie County, Pennsylvania 3/25 
Franklin, Tennessee 3/25 
Burleson, Texas 3/25 
Burnet County, Texas 3/25 
Cameron County, Texas 3/25 
Celina, Texas 3/25 
Culberson County, Texas 3/25 
Denton County, Texas 3/25 
Ellis County, Texas 3/25 
Erath County, Texas 3/25 
Flower Mound, Texas 3/25 
Forney, Texas 3/25 
Fort Bend County, Texas 3/25 
Granbury, Texas 3/25 
Gun Barrel City, Texas 3/25 
Hood County, Texas 3/25 
Kaufman County, Texas 3/25 
Lakeway, Texas 3/25 
Milam County, Texas 3/25 
Navarro County, Texas 3/25 
New Braunfels, Texas 3/25 
Palmview, Texas 3/25 
Red Oak, Texas 3/25 
Richmond, Texas 3/25 
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Roberson County, Texas 3/25 
San Jacinto County, Texas 3/25 
Starr County, Texas 3/25 
Teague, Texas 3/25 
Waxahachie, Texas 3/25 
Colorado 3/26 
Flathead Indian Reservation 3/26 
Front Range Urban Corridor, Colorado and Wyoming 3/26 
Southern Ute Indian Reservation 3/26 
Larimer County, Colorado 3/26 
Orange County, Florida 3/26 
Osceola County, Florida 3/26 
Parkland, Florida 3/26 
Pinellas County, Florida 3/26 
Plantation, Florida 3/26 
Sunny Isles Beach, Florida 3/26 
Weston, Florida 3/26 
Cherokee County, Georgia 3/26 
Conyers, Georgia 3/26 
Doraville, Georgia 3/26 
Douglas County, Georgia 3/26 
Coffey County, Kansas 3/26 
Doniphan County, Kansas 3/26 
Lyon County, Kansas 3/26 
Shawnee County, Kansas 3/26 
Swampscott, Massachusetts 3/26 
Christian County, Missouri 3/26 
Clinton County, Missouri 3/26 
Greene County, Missouri 3/26 
Hannibal, Missouri 3/26 
Perry County, Missouri 3/26 
Webster County, Missouri 3/26 
Newark, New Jersey 3/26 
Ayden, North Carolina 3/26 
Cabarrus County, North Carolina 3/26 
Cabarrus County, North Carolina 3/26 
Greenville, North Carolina 3/26 
Mecklenburg County, North Carolina 3/26 
Charleston, South Carolina 3/26 
Alice, Texas 3/26 
Anna, Texas 3/26 
Brazoria County, Texas 3/26 
Brazoria County, Texas 3/26 
Gregg County, Texas 3/26 
Gregg County, Texas 3/26 
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Hays County, Texas 3/26 
Hidalgo County, Texas 3/26 
Hideaway, Texas 3/26 
Kilgore, Texas 3/26 
McKinney, Texas 3/26 
Montague County, Texas 3/26 
Nueces County, Texas 3/26 
Odem, Texas 3/26 
Willacy County, Texas 3/26 
Berks, Butler, Lackawanna, Lancaster, Luzerne, Pike, Wayne, Westmoreland, 
Willacy, and York counties, Pennsylvania 3/27 

Coeur d'Alene Reservation 3/27 
Rosebud Sioux Reservation 3/27 
Fort Hall Indian Reservation 3/27 
Mille Lacs Indian Reservation 3/27 
Minnesota 3/27 
New Hampshire 3/27 
Nez Perce Indian Reservation 3/27 
Calaveras , Jasper, Jefferson, Newton, Orange, and Tyler counties, Texas 3/27 
Calaveras County, California 3/27 
Broward County, Florida 3/27 
Coral Springs, Florida 3/27 
Gadsden County, Florida 3/27 
Hillsborough County, Florida 3/27 
Avondale Estates, Georgia 3/27 
Bartow County, Georgia 3/27 
McPherson County, Kansas 3/27 
Sumner County, Kansas 3/27 
South Portland, Maine 3/27 
Caldwell County, Missouri 3/27 
Buncombe County, North Carolina 3/27 
Clemmons, North Carolina 3/27 
Gaston County, North Carolina 3/27 
Guilford County, North Carolina 3/27 
Orange County, North Carolina 3/27 
Winston-Salem, North Carolina 3/27 
Williamsburg County, South Carolina 3/27 
Bowie County, Texas 3/27 
Brown County, Texas 3/27 
Burkburnett, Texas 3/27 
Duval County, Texas 3/27 
Frisco, Texas 3/27 
Jim Wells County, Texas 3/27 
Johnson County, Texas 3/27 
Kleberg County, Texas 3/27 
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Marfa, Texas 3/27 
Montgomery County, Texas 3/27 
Polk County, Texas 3/27 
Port Arthur, Texas 3/27 
Scurry County, Texas 3/27 
Sinton, Texas 3/27 
Smith County, Texas 3/27 
Taft, Texas 3/27 
Van, Texas 3/27 
Wichita Falls, Texas 3/27 
Salt Lake City, Utah 3/27 
Summit County, Utah 3/27 
Beaver, Centre, and Washington counties, Pennsylvania 3/28 
Alaska 3/28 
Crow and Northern Cheyenne Indian Reservations 3/28 
Montana 3/28 
Rhode Island 3/28 
Boca Raton, Florida 3/28 
Dania Beach, Florida 3/28 
Fort Lauderdale, Florida 3/28 
Hollywood, Florida 3/28 
Lauderdale-by-the-Sea, Florida 3/28 
Miramar, Florida 3/28 
Oakland Park, Florida 3/28 
Palm Beach, Florida 3/28 
Pembroke Pines, Florida 3/28 
Pompano Beach, Florida 3/28 
Wilton Manors, Florida 3/28 
Chamblee, Georgia 3/28 
DeKalb County, Georgia 3/28 
Dunwoody, Georgia 3/28 
Gwinnett County, Georgia 3/28 
Chase County, Kansas 3/28 
Geary County, Kansas 3/28 
Jefferson County, Kansas 3/28 
Osage County, Kansas 3/28 
Rooks County, Kansas 3/28 
Moss Point, Mississippi 3/28 
Cole County, Missouri 3/28 
West Plains, Missouri 3/28 
Rutherford County, North Carolina 3/28 
Oklahoma City, Oklahoma 3/28 
Tulsa, Oklahoma 3/28 
Aransas County, Texas 3/28 
Aransas Pass, Texas 3/28 
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Bee County, Texas 3/28 
Rockport, Texas 3/28 
Stonewall County, Texas 3/28 
Vidor, Texas 3/28 
Webb County, Texas 3/28 
Jackson, Wyoming 3/28 
Tuscaloosa, Alabama 3/29 
Riley County, Kansas 3/29 
Lincoln County, Missouri 3/29 
Durham County, North Carolina 3/29 
Columbia, South Carolina 3/29 
Lubbock, Texas 3/29 
Carbon, Cumberland, Dauphin, and Schuylkill counties, Pennsylvania 3/30 
Kansas 3/30 
Maryland 3/30 
North Carolina 3/30 
Virginia 3/30 
Broward, Miami-Dade, Monroe, Palm Beach counties, Florida 3/30 
Delray Beach, Florida 3/30 
Clayton, Georgia 3/30 
Reno County, Kansas 3/30 
Saline County, Kansas 3/30 
Bates County, Missouri 3/30 
Chariton County, Missouri 3/30 
Harrison County, Missouri 3/30 
Edmond, Oklahoma 3/30 
Stillwater, Oklahoma 3/30 
Amarillo, Texas 3/30 
Angelina County, Texas 3/30 
Canyon, Texas 3/30 
Frio County, Texas 3/30 
Henrietta, Texas 3/30 
Hudson, Texas 3/30 
Ingleside, Texas 3/30 
Leon County, Texas 3/30 
Llano County, Texas 3/30 
Madison County, Texas 3/30 
Nacogdoches County, Texas 3/30 
Odessa, Texas 3/30 
Potter County, Texas 3/30 
San Augustine County, Texas 3/30 
San Patricio County, Texas 3/30 
Shelby County, Texas 3/30 
Wichita County, Texas 3/30 
Salt Lake County, Utah 3/30 
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Cameron, Crawford, Franklin, Forest, Lawrence, Lebanon, and Somerset 
counties, Pennsylvania 3/31 

Arizona 3/31 
Kings County, California 3/31 
Sumter County, Florida 3/31 
Lauderdale County, Mississippi 3/31 
Gasconade County, Missouri 3/31 
Lafayette County, Missouri 3/31 
Abilene, Texas 3/31 
Brewster County, Texas 3/31 
Caldwell County, Texas 3/31 
Graham, Texas 3/31 
Hale County, Texas 3/31 
Harrison County, Texas 3/31 
Hockley County, Texas 3/31 
Jeff Davis County, Texas 3/31 
Marion County, Texas 3/31 
Sabine County, Texas 3/31 
Taylor County, Texas 3/31 
Trinity County, Texas 3/31 
Nevada 4/01 
Pennsylvania 4/01 
Imperial County, California 4/01 
Washington, D.C. 4/01 
Clayton County, Georgia 4/01 
Fulton County, Georgia 4/01 
Crawford County, Missouri 4/01 
Johnson County, Missouri 4/01 
Maryville, Missouri 4/01 
Broken Arrow, Oklahoma 4/01 
Lawton, Oklahoma 4/01 
Owasso, Oklahoma 4/01 
Montgomery County, Tennessee 4/01 
Hopkins County, Texas 4/01 
Panola County, Texas 4/01 
Wood County, Texas 4/01 
Young County, Texas 4/01 
Davis County, Utah 4/01 
Wasatch County, Utah 4/01 
Fort Rucker, Alabama 4/02 
Florida 4/02 
Maine 4/02 
Tennessee 4/02 
Texas 4/02 
Dade County, Missouri 4/02 
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Pulaski County, Missouri 4/02 
Mount Pleasant, South Carolina 4/02 
Anderson County, Texas 4/02 
Cass County, Texas 4/02 
Gray County, Texas 4/02 
Lufkin, Texas 4/02 
Matagorda County, Texas 4/02 
Victoria County, Texas 4/02 
Mississippi 4/03 
U.S. state of Georgia 4/03 
Dahlonega, Georgia 4/03 
Warren County, Mississippi 4/03 
Linn County, Missouri 4/03 
Osage County, Missouri 4/03 
Rolla, Missouri 4/03 
St. Francois County, Missouri 4/03 
Stoddard County, Missouri 4/03 
Vernon County, Missouri 4/03 
Brownfield, Texas 4/03 
Calhoun County, Texas 4/03 
Comal County, Texas 4/03 
Guadalupe County, Texas 4/03 
Terry County, Texas 4/03 
Alabama 4/04 
Mobile, Alabama 4/04 
Scott County, Missouri 4/04 
Moore, Oklahoma 4/04 
Chattanooga, Tennessee 4/04 
Pike County, Missouri 4/05 
Berkeley County, West Virginia 4/05 
Missouri 4/06 
Clark County, Missouri 4/06 
Iron County, Missouri 4/06 
Joplin, Missouri 4/06 
Kirksville, Missouri 4/06 
McDonald County, Missouri 4/06 
Claremore, Oklahoma 4/06 
Guthrie, Oklahoma 4/06 
Beaufort, South Carolina 4/06 
Jefferson County, West Virginia 4/06 
South Carolina 4/07 
Reynolds County, Missouri 4/07 
Gatesville, Texas 4/07 
El Reno, Oklahoma 4/08 
Coryell County, Texas 4/08 
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Colusa County, California 4/10 
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Appendix Table 2: Reopenings 
 

Location Date 
Alabama 4/30 
Alaska 4/24 
Arizona 5/15 
Colorado 4/26 
Florida 5/4 
Georgia 4/30 
Idaho 4/30 
Indiana** 5/4 
Iowa** 5/1 
Kansas 5/3 
Mississippi 4/27 
Missouri 5/3 
Montana 4/26 
Nebraska 5/4 
Nevada 5/9 
Rhode Island 5/8 
South Carolina 5/4 
Tennessee 4/30 
Texas 4/30 
West Virginia 5/3 
** Several more population counties were excluded from the reopening.  
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Appendix Table 3: Effect with various county-specific trends 
 

Model Cases Deaths 
   
No county-specific time trends -1.912 -0.262 
 (2.348) (0.108)** 
Linear time trends -14.278 -0.451 
 (5.130)*** (0.117)*** 
2nd degree trends -15.269 -0.347 
 (5.690)*** (0.093)*** 
3rd degree trends -6.877 -0.095 
 (5.438) (0.073) 
4th degree trends -5.217 -0.121 
 (5.740) (0.083) 
5th degree trends -5.940 -0.153 
 (5.979) (0.092)* 
6th degree trends -5.687 -0.184 
 (6.267) (0.101)* 
7th degree trends -5.879 -0.211 
 (6.589) (0.109)* 
8th degree trends -6.219 -0.234 
 (7.015) (0.115)** 
Note: N = 338,634. Entries are the coefficient and standard error from estimating the effect of 
state at home orders on COVID-19 cases in the relevant regression. Standard errors are robust 
and clustered on county.  
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Appendix Table 4: Logarithmic results 
 

Variable Ln(New Cases) Ln(New Deaths) 
   
Stay at home order -0.202 -0.252 
 (0.048)*** (0.128)** 
Ln(Lagged case rate) -0.079 0.607 
 (0.147) (0.115)*** 
Ln(Local COVID-19 Mortality) -0.131 1.365 
 (0.062)** (0.108)*** 
Ln(Statewide tests per 100,000 people) 0.266 0.125 
 (0.119)** (0.120) 
Constant 0.889 0.092 
 (1.186) (1.090) 
   
N 33,184 12,233 
Note: Observations are at the county-day level. Regressions weighted by COVID-19 cases in 
county. Standard errors clustered on county in parentheses.  
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