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Abstract

We measure the benefit to society created by preventing COVID-19 deaths through a marginal

increase in early social distancing. We exploit county-level rainfall on the last weekend before

statewide lockdown in the early phase of the pandemic. After controlling for historical rain-

fall, temperature, and state fixed-effects, current rainfall is a plausibly exogenous instrument

for social distancing. A one percent decrease in the population leaving home on the week-

end before lockdown creates an average of 132 dollars of benefit per county resident within 2

weeks. The impacts of earlier distancing compound over time and mainly arise from lower-

ing the risk of a major outbreak, yielding large but unevenly distributed social benefit.
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1 Introduction

When COVID-19 first reached U.S. shores, local governments differed in how quickly they im-

posed mandatory restrictions on businesses and gatherings. California began its statewide lock-

down 3 days earlier than New York. Even within California, seven counties in the San Francisco

Bay Area began their lockdown a few days earlier than the rest of the state. These early-movers

had smaller outbreaks in the initial phase of the pandemic. But lockdowns and other less ex-

treme measures have generated enormous controversy because of their economic costs. Judging

whether a faster response was justified requires weighing these costs against the social benefit

of the lives saved. Though the costs are visible, the benefit of a marginal increase in earlier social

distancing has not been rigorously measured.

Any such measurement requires careful estimates of the number of deaths averted by ear-

lier social distancing. A naı̈ve comparison between states risks conflating the impact of earlier

distancing with differences in state characteristics. Figure 1 shows that states that issued earlier

lockdowns have higher median incomes and more college degree holders, but fewer black and

older residents. Even within a state, locales that issued earlier lockdowns may differ systemati-

cally in ways that may or may not be observable. For example, the Associated Press reports that

the Bay Area lockdown had its roots in an association of local health officials that formed dur-

ing the AIDS epidemic and has met regularly to discuss prior epidemics like Ebola and swine

flu (Rodriguez, 19 April 2020). The presence of such an institution may have had other impacts

on the local response to COVID-19 beyond the lockdown, making it difficult to isolate the ef-

fect of early social distancing. The problem of selection bias is compounded by the problem of

measurement. It is possible that the states and counties that responded more quickly are also

more active in testing for the disease, creating non-classical measurement error. Given these

confounders, it is not surprising that simple within-state comparisons produce nonsensical re-

sults.1

We sidestep these challenges by exploiting within-state variation in early social distancing

induced by rainfall. We measure county-level rainfall on the last weekend before the county’s

1 We show in Appendix A.2 that ordinary least squares estimates actually have the wrong sign, implying greater

social distancing predicts more infections.
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Figure 1
States that Lock Down Earlier are Systematically

Different on Baseline Characteristics
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Note: The size of each circle is proportional to the number of states that shut down on that date. Demographics are
from the 2014-2018 American Community Survey (5-year estimates). Dates of state-wide lockdown orders come from the
Institute of Health Metrics and Evaluation. See Section 2.1 for details about the data.
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home state went into mandatory lockdown. This key weekend is the last time that people had

wide discretion in leaving home for reasons unrelated to work (dining at restaurants, for exam-

ple). Focusing on this weekend creates a natural experiment for a marginally longer period of

social distancing. After controlling for average historical rainfall, temperature, and state fixed

effects, rainfall on this specific weekend is plausibly exogenous. Counties that had heavy rain-

fall were exogenously induced to exercise a marginal degree of extra social distancing just a few

days before counties that had less rainfall. We measure how many fewer COVID-19 cases and

deaths these rainy counties had in the weeks after the statewide lockdown. Finally, we put these

estimates into a metric that that is directly comparable to the economic cost of a lockdown. We

combine our estimates of deaths averted with several recent estimates of the value of a statistical

life to calculate the average per capita benefit of a marginal change in the degree of early social

distancing.

We estimate that marginal additional distancing bends the trajectory of a local outbreak,

with benefits still accumulating even two weeks after the statewide lockdown, many days af-

ter the crucial weekend. The two-stage least squares estimates imply that a 1 percentage point

increase in the number of people leaving home causes an additional 14 cases and 1.4 deaths

per 100,000 residents. These effects are all the more remarkable because the variation in social

distancing induced by rainfall, though precise, is relatively small. But the impact of the initial

reduction is propagated over time. We measure growing impacts that have not leveled off even

18 days after the lockdown, nearly 3 weeks after the crucial weekend. These effects appear to be

driven by the right tail of the distribution. Counties where more people left home on the pre-

shutdown weekend are no more likely to have a marginally higher case count, but are slightly

more likely to have a big outbreak. This result is what might be expected given that differences

in the number of infections on the eve of a statewide lockdown will either vanish or be drasti-

cally amplified depending on whether the county lowers the viral reproduction rate below 1 and

avoids “superspreader” events.

We calculate the dollar value of deaths averted by a marginal increase in early distancing by

leveraging several estimates in the literature of the value of a statistical life. A commonly cited

value from the U.S. Environmental Protection Agency implies that a 1 percent reduction in peo-

ple leaving home on the weekend before the state-wide lockdown yields a per-capita benefit of
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132 dollars for the average county resident within 14 days of the statewide lockdown. A more

conservative estimate that adjusts for the age profile of COVID-19 deaths halves the per capita

value, though even this smaller amount exceeds the earnings from 8 hours of work at the federal

minimum wage. Measuring benefits at the longer horizon of 18 days raises the value by roughly

one-third, suggesting that a marginal increase in early distancing is an investment that pays size-

able returns. And since we account only for the value of deaths averted, the full value—which

should include reduced healthcare costs and reduced incidence of chronic illness—is undoubt-

edly higher than our estimates imply. This exercise reveals that, although putting dollar values

on lives may seem callous, it is only by doing so that the sheer magnitude of the benefit becomes

apparent.

Our paper follows many studies in economics that exploit natural experiments to measure

the impact of public health interventions on mortality. Prior work has studied the impact of

community health centers (Bailey and Goodman-Bacon, 2015); campaigns to vaccinate against

influenza (Ward, 2014) and reduce alcohol consumption (Bhattacharya et al., 2013); access to

public health insurance during a flu pandemic (Clay et al., n.d.); packaging and messaging of

Malaria drugs (Cohen and Saran, 2018), and the discovery of antibiotics (Jayachandran et al.,

2010). Other work has studied the impact of disease eradication on long-run health and eco-

nomic outcomes (e.g. Bleakley, 2003; Acemoglu and Johnson, 2006; Hamory et al., 2020; Bleak-

ley, 2010; Baird et al., 2016). Our work is among the first to study social distancing, an interven-

tion that requires no special technology but whose economic costs have been hotly contested.

Our paper also joins a small but growing number of studies that provide guidance for weigh-

ing the costs and benefits of policies that can save lives in the COVID-19 pandemic. Most of

these studies infer the number of deaths averted by using epidemiological models (Thunstrom

et al., 2020; Acemoglu et al., 2020; Greenstone and Nigam, 2020). Our approach is novel in ex-

ploiting a natural experiment to estimate deaths averted by marginal changes in the degree of

early social distancing. In making these estimates our study also joins a growing literature on the

impact of social distancing on COVID-19 transmission. Pei et al. (2020) use an epidemiological

model to simulate COVID-19 trajectories in a counterfactual world where lockdowns had be-

gun a few weeks sooner. Our study approaches this question using a natural experiment rather

than a model. A few recent studies (Courtemanche et al., 2020; Fowler et al., 2020; Spiegel and
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Tookes, 2020) use difference-in-differences designs to study the impact of statewide closures

and lockdowns on transmission. Aside from exploiting an orthogonal source of variation, our

study aims to answer a different question: whether marginal improvements in early distancing

can affect medium-run outcomes. Meanwhile, Brzezinski et al. (2020) use state-level rainfall and

temperature as exogenous variation in non-mandated social distancing to study whether state

governments are less likely to mandate social distancing where it is already being practiced.2 Fi-

nally, our study joins a small number of studies that uses instrumental variables to test whether

COVID-19 outbreaks are mitigated by public health measures, notably masks (Welsch, 2020) and

remote work (McLaren and Wang, 2020; Glaeser et al., 2020).

Methodologically our study is most similar to Madestam et al. (2013), which measures the

impact of rainfall on a single pivotal date (Tax Day 2010) to measure the long-run impacts of Tea

Party protests. One major advantage to studying a one-time shock rather than panel variation

is that we can fully trace differential trajectories across counties. And since that shock is on the

weekend before statewide lockdown, it is the closest possible counterfactual to having a longer

policy of social distancing.

Our results suggest that even marginal additional distancing in the early stages of an out-

break have large economic benefit. These estimates contribute to the retrospective discussion

of whether aggressive policies in the early stages of the pandemic were justified, and whether

similar measures would be justified in the face of either a resurgence of the coronavirus or a

future respiratory illness. Social distancing measures have generated enormous controversy be-

cause of their highly visible costs. The broader public discourse has at times grown distant from

the evidence, making a sober analysis of the costs and benefits all the more crucial.

2 Research Design

The key input into our calculation is an unbiased estimate of the impact of marginal earlier dis-

tancing on COVID-19 cases and deaths. Our ideal experiment would be to randomly assign some

counties to begin social distancing sooner than others. Since such an experiment is not feasible,

2 Since we exploit only within-state variation, their result is not a threat to our design. We verify in Section 3.4 and

Appendix A.8 that county-level policy responses do not bias our results.
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our natural experiment focuses on rainfall-induced social distancing on the weekend just prior

to the statewide lockdown. People in rainy counties began a marginal degree of additional social

distancing a few days sooner than other counties.3

We apply the method of instrumental variables. We use rainfall on the last weekend before

statewide lockdown as an instrument for the percentage of people leaving home that weekend,

as measured from mobile phone data. We control for historical rainfall (average rainfall on this

calendar weekend over the prior 5 years) as well current temperature and historical temperature.

2.1 Data

Weathers: We measure average precipitation, which we will colloquially refer to as “rainfall,”

by spatially merging weather stations from the Global Historical Climatology Network-Daily

Database (Menne et al., 2012) to U.S. counties based on 2012 Census TIGER/Line shapefiles.

We calculate county-level average precipitation and daily maximum temperatures. For each day

in 2020 we calculate the average precipitation and max temperature for that same day-of-year

from 2015—2019. We then take the inverse hyperbolic sine of all of these quantities.4 This trans-

formation is a standard way to approximate a log transformation without having to discard zero-

precipitation days. As long as precipitation itself is exogenous, the transformed quantity is also

exogenous and, as we show in Figure 2 below, has a roughly linear relationship with our primary

measure of social distancing. We apply the same transformation to temperature to maintain

consistency. From here on we refer to these transformed quantities as simply current or histori-

cal rainfall and temperature.5

Social Distancing: Our primary measure of social distancing is the percentage of people

that leave home, calculated using aggregated mobile phone GPS data provided by SafeGraph

(SafeGraph, 2020a).6 The data report the total devices in SafeGraph’s sample by block group,

3 The gap between the last weekend (as defined in Appendix 2) and the the shutdown is 3 days for the median

county.
4 The inverse hyperbolic sine transformation log(x+

√
x2 + 1) is a convenient approximation to the natural loga-

rithm that is well-defined when x = 0 and converges to log 2 + log x as → ∞.
5 Though the inverse hyperbolic sine transformation is not invariant to units of measurement (unlike the log),

that limitation is less problematic for us because the transformed variable is only used as an instrument. The

estimator is still valid as long as the choice of units does not cause the instrument to become endogenous, which

is highly unlikely.
6 SafeGraph is a data company that aggregates anonymized location data from numerous applications in order to
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and the number that leave their home.7 We aggregate these two counts by county and calculate

the percentage leaving home.

Leaving home is our first-stage regressand because keeping people home is the primary im-

pact of rain on social distancing, and keeping people at home for an extra weekend is the most

natural analogy to locking down a few days sooner. But to better understand what activities

people are deterred from doing when they stay home—and whether those who do leave change

where they go—we draw on several other measures of social distancing. We use two measures of

indoor exposure. The first is the Device Exposure Index (Couture et al., 2020a), which represents

the number of people (cell phones) an average individual was exposed to in small commercial

venues within the county. We also use SafeGraph’s Weekly Patterns data to compute a measure of

“gatherings” based on whether more than 5 devices ping within a single indoor non-residential

location within one hour (SafeGraph, 2020b). Since the SafeGraph sample represents roughly

6% of a typical county, 5 devices represent a large number of people. We rescale both measures

by their daily average on the first full weekend in March, meaning a value of 100 denotes the

same exposure or number of gatherings as the first weekend of March (which was before any

local or state lockdown).

We also use several measures of long-distance travel. Using SafeGraph’s data we measure the

percentage of devices that travel greater or less than 16 kilometers from home (among those that

leave home). We also measure cross-county travel using the Location Exposure Index (Couture

et al., 2020b). We measure the fraction of people in a county who were not present on any of the

prior 14 days.8

COVID-19 Cases and Deaths : We measure daily (cumulative) COVID-19 cases/deaths by

combining data from Johns Hopkins University and the CoronaDataScraper project (Center for

Systems Science and Engineering (Johns Hopkins University); Corona Data Scraper (2020)). As

described in detail in Appendix B, we manually corrected missing values by consulting county

public health departments and local newspapers. All of these measures are cumulative cases

provide insights about physical places. To enhance privacy, SafeGraph excludes census block group information

if fewer than five devices visited an establishment in a month from a given census block group.
7 SafeGraph defines “home” as the “common nighttime location of each mobile device over a 6 week period to a

Geohash-7 granularity ( 153m x 153m).” Leaving home is defined as leaving that square. Though this measure of

staying home is imperfect, two-stage least squares will prevent measurement error from biasing the estimates.
8 For more information on the Device Exposure Index and the Location Exposure Index see Appendix B.1.
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and deaths rather than new cases and deaths. Our primary outcomes are the number of cases

and deaths per 100,000 population, measured 14 days after the statewide lockdown (which we

will refer to as “endline”).9

Demographics : We measure demographic characteristics (such as population size, median

income, age profiles of the population) using the 2014-2018 five-year estimates from the Ameri-

can Community Survey (Manson et al., 2019).

Lockdowns: Finally, we measure statewide lockdown dates using the Institute of Health Met-

rics and Evaluation’s record of state policies as of 17 April 2020 (Institute for Health Metrics and

Evaluation (2020)). The dataset has all shutdown dates up to 7 April. Any state that had not shut

down by that date (or was not recorded as doing so by the Institute) is excluded from our study.

2.2 Instrument and Specifications

Defining the Instrument: We identify the last Saturday and Sunday before the day of the lock-

down order. If the lockdown began on a Sunday we take only the Saturday of that weekend as the

“weekend before.” If it begins on a Saturday we take the prior weekend. We average the trans-

formed values of rainfall and temperature (both current and historical) as well as social distanc-

ing across the days of this weekend. We compute baseline cases and deaths as those recorded for

the day before this last weekend, and baseline growth in these measures as the average change

in the inverse hyperbolic sine of each in the prior 7 days.

Specification, Identification, and Inference: We estimate first-stage, reduced form, and

second-stage regressions of the form

Di = αs + γRi + τ1R̄i + τ2Ti + τ3T̄i +Xiω + ui (1)

Yi = ζs + ρRi + ξ1R̄i + ξ2Ti + ξ3T̄i +Xiθ + vi (2)

Yi = κs + βD̂i + φ1R̄i + φ2Ti + φ3T̄i +Xiϑ+ zi (3)

where i and s index counties and states, D is the percentage of people leaving home, Y is the

9 We choose these measures both because they are the measures most commonly used by policymakers to gauge

the severity of an outbreak, and because they give the most accurate reflection of the number of infections

relative to the number who could potentially be infected. We choose 14 days as our default horizon because this

is the typical quarantine period for the disease, though Section 3.2 shows the impact at every horizon.
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outcome, αs and κs are state fixed-effects, R and R̄ are current and historical rainfall, T and T̄

are current and historical temperature, and X is a vector of baseline and demographic control

variables that vary across specifications, with the most basic specification having no controls.

Since there is spatial correlation in both rainfall and COVID-19 infections, we cluster standard

errors using a 3°x 3° latitude-longitude grid.10

We must control for historical rainfall because even within a state, counties that are typically

rainy in March and April may be systematically different from those that are not (e.g. Santa Cruz,

California versus San Diego). The instrument Ri is thus excess or unexpected rainfall, which is

plausibly uncorrelated with historical demographic characteristics. We control for temperature

because some experts and politicians have hypothesized that it may directly impact COVID-19

transmission.11

The identification assumption is that, after controlling for state fixed-effects, historical rain-

fall, and temperature, rainfall on the pre-shutdown weekend only affects endline case counts

through its impact on the number of people leaving home. Under this assumption, β is the two-

stage least squares estimate of the impact on the outcome of having 1 percentage point more

people leave home on the weekend before the lockdown.12 In reality, rainfall might also affect

which activities people choose if they do leave home. They would most likely switch from out-

door to indoor activities, potentially raising the risk of transmitting the disease (Bulfone et al.,

2020). That logic suggests our method actually underestimates the true impact of early distanc-

ing on cases and deaths. But as we show in Section 3.1, the net impact of rainfall on our measure

of indoor exposure is negative, suggesting the reduced chance of leaving home outweighs the

substitution towards indoor activity.

Additional Control Variables: Since rainfall is exogenous, the control variablesXi will not af-

10 To be precise, we generate a grid where each cell is of length 3° on each side. Each county is uniquely assigned

to the cell that contains its centroid. Clustering within grid cell allows for arbitrary correlation in the regression

error term of counties within the same cell. The median cell contains 8 counties, though the smallest contains 1

and the largest contains 60. The number of counties will vary based on their size and remoteness (counties are

generally smaller in the eastern U.S., for example). We chose this method of clustering rather than, say, state-

level clustering because many states, especially in New England, are geographically tiny and neither rainfall nor

a coronavirus outbreak will remain contained within state boundaries. Though the precise size of the cluster

is somewhat arbitrary, we show in Appendix A.10 that the statistical significance remains intact even with far

smaller and far larger clusters.
11 Chin et al. (2020), for example, find that temperature affects virus stability in lab samples.
12 Since there is a single endogenous regressor and a single excluded instrument, β̂ = ρ̂/γ̂.
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fect the consistency of the estimates. But they can make the estimates more precise by reducing

the unexplained variation in social distancing and COVID-19 cases and deaths. Our basic speci-

fication includes nothing inXi. Our preferred specification adds controls for baseline COVID-19

prevalence. We include the number of cases per 100,000 at baseline, the raw number of cases

at baseline, and the growth rate of cases in the week prior to the pre-lockdown weekend.13 Our

most comprehensive specification includes baseline controls as well as demographic character-

istics.14

3 Results: Impact of Earlier Distancing on COVID-19 Cases and

Deaths

3.1 Basic Estimates

First-Stage—Impact of Rainfall on Social Distancing: Column 1 in Panel A of Table 1 shows es-

timates of the first-stage (Equation 1). After controlling for historical rainfall and temperature, a

one-unit increase in our measure of rainfall causes a 0.4 percentage point decrease in the num-

ber of people who leave home. The estimate implies that moving a county from zero rainfall to

the 90th percentile of the distribution would cause a 1.8 percentage point reduction in the num-

ber of people leaving home—comparable to the reduction caused by a stay-at-home order (see

section 5). The F-statistic is 11.82, above conventional measures of instrument strength.

One concern might be that although some people stay home because of the rain, those who

do leave will pack into bars and restaurants instead of visiting the outdoors. Although this would

imply we underestimate the impact of staying at home, we test directly whether rainfall on net

causes indoor exposure to fall. Column 2 shows that the average exposure, based on how many

people visit small indoor venues, declines by 0.9 percentage points relative to its level the first

13 We control for both cases per 100,000 and raw case counts at baseline because both are independently informa-

tive about social distancing and endline outcomes. That is likely because while the one measures the baseline

rate of prevalence, the other drives initial local media coverage. It is also likely that a greater raw number of cases

lowers the probability that the infection dies out (say, if all initially infected people self-isolate). The case growth

rate, which we calculate as the average change in the inverse hyperbolic sine of case counts, is informative about

the trajectory prior to the pre-shutdown weekend.
14 Total population; fraction of population in the bins 60-69, 70-79, and over 80; fraction African American; and

median household income.
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Table 1
Two-Stage Least Squares Estimates

Panel A: Interpreting the First-Stage

First-Stage Activities Averted by Staying Home

(1) (2) (3) (4) (5) (6)
% Leaving Home Exposure Gatherings Travel Near Travel Far Non-Locals

Rainfall -0.434∗∗∗ -0.905∗∗∗ -1.710∗∗ -0.216∗ -0.340∗∗ -0.278∗∗

(0.126) (0.330) (0.691) (0.130) (0.145) (0.122)
Counties 1951 1399 1762 1951 1951 1399
Clusters 139 113 124 139 139 113
Outcome Mean 64.78 37.38 38.35 41.41 21.43 9.14
F-stat: Rainfall 11.82 7.54 6.13 2.75 5.51 5.17
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X

Panel B: Reduced-Form
Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
Rainfall -6.751∗∗ -6.106∗∗∗ -5.961∗∗∗ -0.719 -0.583∗∗∗ -0.557∗∗∗

(3.146) (1.700) (1.657) (0.461) (0.214) (0.204)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
Outcome Mean 58.27 58.27 58.27 2.05 2.05 2.05
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Panel C: Two-Stage Least Squares

Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
% Leaving Home 15.566 14.467∗∗∗ 16.737∗∗∗ 1.658 1.381∗∗ 1.564∗∗

(9.554) (4.806) (5.845) (1.266) (0.552) (0.638)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
First-Stage F 11.82 16.78 19.84 11.82 16.78 19.84
Outcome Mean 58.27 58.27 58.27 2.05 2.05 2.05
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: All standard errors are clustered using a 3°x 3° latitude-longitude grid to adjust for spatial correlation.
Panel A: “Exposure” refers to the Device Exposure Index, a measure of the number of devices (cell phones) visiting small
indoor venues. “Gatherings” measures the number of times more than 5 devices ping in a single indoor venue within the
span of an hour. Both of these measures are rescaled as a percentage of their level on the weekend 7—8 March. “Travel
Near” and “Travel Far” give the percentage of devices that leave home and travel less than versus more than 16 kilometers.
“Non-Locals” gives the percentage of devices in the county that were not present on any of the prior 14 days.
Panels B and C: “Baseline Case Controls” are the number of COVID-19 cases the day before the pre-shutdown weekend
(both the raw count and the number per 100,000), and the average growth (change in the inverse hyperbolic sine) of cases
in the week preceding the last weekend. “Demographic Controls” are total population; fraction of population in the bins
60-69, 70-79, and over 80; fraction African American; and median household income.
*p=0.10 **p=0.05 ***p=0.01
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Figure 2
First-Stage and Reduced Form
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First-Stage: Leaving Home
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Reduced Form Impact: Cases

Note: Each panel shows a partial correlation plot of rainfall on the weekend before the statewide lockdown against either
the percentage of people leaving home on that weekend (left-hand panel) or total cases per 100,000 as of 14 days after
the lockdown. We calculate residuals from a regression of both X and Y variable on state fixed-effects, historical rainfall,
current and historical temperature, and baseline case controls. We define bins based on residualized rainfall. Each dot
shows the average residualized outcome within the bin, and the line shows the linear prediction. The histogram shows
the number of observations that fall into each bin.

weekend of March (prior to any lockdown). Column 3 shows that our measure of large gatherings

declines by 1.7 percentage points relative to early March. Taken together, these estimates suggest

that any potential substitution towards indoor activities is not large enough to outweigh the first-

order impact of staying at home.

Is the impact of rainfall on the prevalence of COVID-19 driven more by reducing local trans-

mission, or by reducing the spread of the virus over long distances and across counties? Columns

4 and 5 measure the impact on the percentage of people leaving home and traveling a short or

long distance (based on whether they traveled more than 16 kilometers from home). The esti-

mates suggest a larger impact on long distance travel (especially compared to the mean). Col-

umn 6 shows that a one-unit increase in rainfall causes a 0.28 percentage point decrease in the

fraction of people in the county who had not been there in the previous two weeks, suggesting a

sizable decline in cross-county travel.
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Reduced-Form and Two-Stage Least Squares: Panel B of Table 1 shows estimates of the

reduced-form impact of rainfall on COVID-19 cases and deaths per 100,000 at endline, which

these regressions define as 14 days after the statewide lockdown. Column 1 shows that a 1 unit

increase in rainfall on the weekend before lockdown lowers the number of cases at endline by 6.8

per 100,000. Columns 2 and 3 show that controlling for baseline prevalence and demographics

tightens the standard errors without substantially changing the estimates. Columns 4—6 imply

that the reduction in cases translates to a reduction in deaths, as well. A 1 unit increase in rainfall

causes a 0.5 to 0.7 per 100,000 reduction in the death rate.

Figure 2 shows a partial correlation plot of the first-stage and reduced form of the regression

in Column 2 (which includes baseline case controls). The plot illustrates how rainfall on the last

weekend before the state-wide lockdown lowers both the percentage of people leaving home

(left-hand panel) and the number of cases at endline (right-hand panel). The plot shows that

our estimates are not driven by outliers, and that both relationships are approximately linear.

The linearity is a crucial check to confirm that the way we measure rainfall produces a valid

first-stage.

Under the assumption that rainfall only affects disease transmission through its impact on

early social distancing, the two-stage least squares estimate—the ratio of the reduced-form and

first-stage coefficients—gives the causal impact of early social distancing on COVID-19 cases

and deaths. Panel C of Table 1 presents these estimates. All three specifications have a strong

first-stage, with the F-statistic on the excluded instrument (weekend rainfall) varying from 11 to

18. The basic specification, which has no controls, is relatively noisy and statistically insignifi-

cant.

But after controlling for baseline case controls the standard errors become tight enough to

make the estimates highly significant (Columns 2 and 5). The final specification additionally

controls for county demographics, which makes little difference in size or significance of the

estimates (Columns 3 and 6). Indeed, all three specifications produce near-identical estimates.

A 1 percentage point increase in the number of people leaving home on the weekend before the

shutdown causes an additional 14 to 17 cases and 1.4 to 1.7 deaths per 100,000.

The size of these estimates relative to the mean of the outcome may seem surprising. But it is

worth recalling that a large fraction of counties in our sample, drawn from the early days of the
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pandemic, had zero confirmed cases of COVID-19. It is more useful to benchmark the estimates

against the population that is susceptible to infection, which is roughly the entire population

during this period of the pandemic. By this benchmark our results imply that an additional 1

percentage point of people leaving home causes an additional 0.014 percentage points of the

population to become infected and 0.001 percentage points to die. These estimates are not un-

reasonable given that COVID-19 is a highly infectious respiratory virus.

3.2 Comparative Dynamics in Counties with Less Early Social Distancing

Figure 3
The Excess Case Count in Counties with Less Early Distancing

Continues to Increase Even 18 Days after Lockdown
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Note: Using total cases per 100,000 at each horizon h = 2, 4, 6, . . . , 18 we estimate the two-stage least squares coefficient
controlling for baseline case controls (analogous to Column 2 of Panel C, Table 1). Each coefficient is from a separate
regression (and the regression at h = 14 is identical to that reported in Table 1).

Table 1 gives a relatively limited picture of the trajectory of cases because all outcomes are

measured at the fixed horizon of 14 days after the statewide lockdown. One advantage of our re-

search design is that we can estimate the comparative dynamics of case rates between counties

that quasi-randomly practiced different levels of early social distancing. Using the same specifi-

cation as Columns 2 and 5 of Table 1.C, we estimate the impact on cases and deaths per 100,000

2 days after the lockdown, 4 days after, and so on for every horizon h = 2, 4, 6, . . . , 18. Figure
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3 plots each coefficient against h. The estimated impact appears to increase linearly over time

with no sign of leveling off within the horizon available to us.15 The figure suggests the impact of

a one-time difference in early social distancing is surprisingly long-lived. Cases and deaths show

a similar pattern, though deaths increase at a somewhat slower pace. It may seem surprising that

there are impacts on reported cases and deaths at a horizon of even 4 days, but recall that 4 days

after the statewide lockdown is on average a full week after the weekend of transmission.

We find no evidence, however, that the growth rate of cases increases because of more people

leaving home on the last weekend (see Appendix A.5). That is not surprising because the natural

experiment induces some counties to begin early social distancing just before all counties go

uniformly into lockdown. The effect is analogous to quasi-randomly inducing some counties to

begin lockdown with a larger infected population. As long as this difference in initial population

does not affect how carefully the lockdown is observed, it will rescale the case count without

affecting the transmission rate.16

3.3 Distributional Impact: Early Social Distancing Lowers the Chance of Right-Tail

Outcomes

Given the nature of exponential growth, local COVID-19 outbreaks may quickly die down or

rapidly spiral out of control. Since middling outbreaks are unlikely, early social distancing might

mainly affect the distribution of outcomes by reducing weight in the right tail rather than lower-

ing the median. We test for the impact on the full distribution by defining dummies for whether

the endline number of cases per 100,000 is greater than each decile of the distribution. We es-

timate Equation 3 using these dummies as the outcomes (using the specification with baseline

case controls). This procedure is analogous to testing how the inverse cumulative distribution

function is shifted by a 1 percentage point reduction in early social distancing.

The left-hand panel of Figure 4 plots the estimates with their 90 and 95 percent confidence

intervals. The figure suggests that although the estimated impact becomes positive around 0.4

(meaning less early distancing increases the probability of being above the 40th percentile), the

15 At longer horizons we would start to lose states because our case count data ends 18 days after the last state in

our sample to go on lockdown.
16 If endline case count is is YT = Y0 exp(gT ), our natural experiment is analogous to increasing Y0.
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Figure 4
Counties with Less Social Distancing are More Likely to Have Very Large (Right-Tail) Outbreaks
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Note: We estimate the impact across the distribution of outcomes. Each point and confidence interval is the two-stage
least squares estimate of the impact of early social distancing on the probability of having endline cases per 100,000
greater than the percentile or absolute number indicated on the horizontal axis. Each estimate controls for baseline case
rate, count, and growth (analogous to Column 2 of Panel C, Table 1).

effect only becomes significant at 0.7. That suggests early distancing is lowering the probability

of a right-tail outbreak. The most precise estimate is the last. A 1 percentage point increase

in the number of people leaving home on the weekend before lockdown causes a 2 percentage

point increase in the probability of an outbreak that puts the county in the top 10 percent of the

distribution. The right-hand panel clarifies just how large these right-tail events are. This panel

is analogous to the first one, but it defines dummies based on having a case rate at endline (14

days after statewide lockdown) above some absolute cutoff. The size and significance peaks at

100 cases per 100,000, a very large case count.

The results suggest early social distancing worked less by causing a moderate reduction in

cases than by reducing the chance of a big outbreak. This result may be consistent with several

recent studies that find that COVID-19 has a very low dispersion factor, meaning small groups

of “superspreaders” are responsible for the vast majority of cases (Kupferschmidt, 19 May 2020).

Endo et al. (2020) estimate using a mathematical model that as few as 10% of initially infected
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people may be responsible for as much as 80% of subsequent cases. Miller et al. (2020) find

a similar result when they use genome sequencing to trace the virus’s spread across Israel. If

early social distancing marginally reduces the probability a superspreader begins a transmission

chain, it could explain why our estimates are driven by changes in the number of large outbreaks.

Regardless of the cause, our estimates imply that most counties that began distancing sooner

had little benefit, but those that did benefit did so tremendously.

3.4 Summary of Robustness Checks

In the appendix we show the results of several other tests:

Balance: One concern is that rainfall, even after controlling for state fixed effects, historical

rainfall, and current and historical temperature, is not truly exogenous. We show in Appendix

A.1 that rainfall is uncorrelated with baseline measures of COVID-19 prevalence and county de-

mographic characteristics.

Heterogeneity: We show in Appendix A.3 that there is little evidence of heterogeneous im-

pacts by baseline case levels, baseline case growth, the time between the last weekend and the

start of the statewide lockdown, and a host of county-level demographic characteristics. This

seems largely a consequence of not having enough data to generate a strong first stage when

splitting the sample or identifying an interaction as well as a direct effect. There is some slight

evidence that early social distancing has less of an impact in counties with an older population,

though the mechanism for that result is uncertain.

Outliers: Given that Section 3.3 shows the effect comes largely from changes in the likelihood

of right-tail events, one may worry that the entire estimate is driven by a few outliers. Appendix

A.4 shows that Winsorizing the very largest outcomes still yields significant effects. Although the

top of the distribution does drive the result, it is a genuine distributional impact rather than a

handful of fluke outliers.

Other Outcomes: Though endline cases and deaths per 100,000 is the most logical outcome

(see Section 2.1), we show in Appendix A.6 the results are qualitatively similar if we instead use

raw counts and the log of endline cases and deaths per 100,000.17

17 To be precise, we estimate a Poisson Maximum Likelihood estimator using Equation 2 as the link function. Un-

like simply taking the log, the Poisson estimator is consistent even though endline cases and deaths equal zero
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Measurement Error in COVID-19 Prevalence: One inevitable challenge to any study of COVID-

19 is that the true number of cases far exceeds reported cases. One strength of our design is that

rainfall is unlikely to be correlated with local testing capacity, making it unlikely that our re-

sult is spuriously driven by non-classical measurement error. However, we cannot rule out that

counties with larger outbreaks are more aggressive in testing. Then any variation that reduces

COVID-19 cases rates, be it rainfall or a hypothetical randomized controlled trial, would find

accentuated impacts. We acknowledge that this caveat applies to our study as it does to any

other.

Local Policy Response: One concern is that even if rainfall is exogenous, local governments

might respond to either social distancing or (more likely) rising numbers of cases by instituting

their own emergency orders or lockdowns. Our estimates might reflect not just the initial shock

to social distancing but the policy response triggered by that shock. Although such a response

is possible, it is likely to be a countervailing response. Local officials would likely loosen restric-

tions wherever case counts are low and vice-versa.18 That would, if anything, bias our estimates

towards zero. Nevertheless we show in Appendix A.8 that controlling for a dummy for whether

the county has any policy restriction by the end of the 14 day horizon of our regressions does not

change the results.

Direct Impact of Weather: Some news reports and health experts have observed that warmer

countries (e.g. Singapore) have been more successful in controlling outbreaks than more tem-

perate ones (e.g. the U.S. and Western Europe). That has led to a theory that temperature may

directly affect virus transmission (e.g Sajadi et al., 2020). If the weather directly affects transmis-

sion it could violate the single-channel assumption needed for a valid instrument.

We find no evidence for a link between transmission and temperature on the last weekend

in our county-level results. Regardless, all of our specifications control for temperature, making

it unlikely to be driving our results. Some reports have also suggested humidity may separately

affect transmission.19 Though the evidence for this is limited, we test for whether humidity is

in many counties (Silva and Tenreyro, 2006).
18 Brzezinski et al. (2020) find that states where people are already social distancing of their own accord are less

likely to impose a lockdown.
19 Luo et al. (2020) is one example, though they actually find that the correlation between humidity and transmis-

sion is ambiguous.
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driving the results. If the impact of rainfall on cases and deaths were through its correlation with

humidity rather than its impact on social distancing, we would expect that the reduced-form

impact of rainfall on cases and deaths would vanish after controlling for humidity. But we show

in Appendix A.7 that the reduced-form coefficient is essentially unchanged.20 Other links are

possible but not yet well substantiated. It is possible that sunlight, through ultraviolet radiation,

reduces virus spread. If that is true it would bias our estimates towards rainfall increasing the

number of COVID-19 cases.

That said, we cannot categorically rule out that rainfall has some unanticipated impact or

interaction with the environment. Given what is currently known about the virus and the nature

of our own results, we believe these effects to be second-order compared to the direct impact on

human behavior.

4 Results: Value of Deaths Averted by Early Distancing

Table 2 reports our estimates of the per-capita value of deaths averted by a marginal increase

in early social distancing. We multiply estimates of deaths per 100,000 from Table 1.C by 4 mea-

sures of the value of a statistical life and rescale to units of dollars per percentage point reduction

in people leaving home. We report point estimates (in bold) together with the lower and upper

confidence intervals. We report estimates based on 4 measures of the value of a statistical life

(VSL), one used by the Environmental Protection Agency (EPA) (United States Environmental

Protection Agency, 2012, Table 5—9), and three measures proposed in Robinson et al. (2020):

1. The EPA’s 2020 mean VSL estimate. This estimate is the same for all deaths regardless of

age and consumption expenditure.

2. An “invariant” VSL that assigns all lives equal statistical value, based on a VSL calculated by

the Department of Health and Human Services. The approach is very similar to that used

by the EPA, but the numbers are slightly different.

3. A measure that adjusts for age (and years of life remaining) by assuming a constant value of

20 Since we only have humidity data for 60% of the sample, controlling for it directly in all specifications (as we do

with temperature) would be too costly for precision.



20 SHENOY SHARMA XU KAPOOR RHO SANGHA

Table 2
Per-Capita Value of Marginal Earlier Distancing (14-Day Horizon)

VSL Measure Spec. 1 Spec. 2 Spec. 3

1. EPA 2020 VSL (-81.02 159.33 399.67) (27.87 132.30 236.72) (29.08 150.17 271.25)
2. Invariant VSL (-89.71 176.42 442.55) (30.86 146.49 262.12) (32.20 166.28 300.35)
3. Constant VSLY (-37.72 74.19 186.10) (12.98 61.60 110.22) (13.54 69.92 126.30)
4. Inverse-U VSLY (-70.13 137.92 345.96) (24.13 114.52 204.91) (25.17 129.99 234.80)

(Lower 95% CI Estimate Upper 95% CI)

Note: We report the per capita dollar value of earlier distancing. These numbers should be interpreted as the average
benefit accruing to every resident of the county. Each row is a different measure of the value of a statistical life. Each set of
column reports the mean (in bold) with lower and upper 95% confidence intervals based on a specification in Table 1.C.

statistical years (VSLY). This measure is reweighted to account for the age-specific COVID-

19 death rates from February to May of 2020

4. An “inverse-U” VSLY that assigns age-specific value to statistical lives based on the aver-

age consumption expenditure of that age category, which effectively assigns higher cost

to deaths of middle-aged people compared to those who are younger or older. Again, this

measure is reweighted to account for COVID-19’s age-specific death rates

The Constant VSLY puts the cost of a COVID-19 death far below that of the other measures

because deaths are so heavily skewed towards people with fewer expected years of life. Rather

than take a stand on which approach is best, we report estimates based on all three (though

invariant VSLs are the most common in the literature).

Though the estimates vary based on specification and choice of VSL, most suggest a similar

marginal value of earlier distancing. Take for example the estimates from Specification 2 applied

to the EPA’s VSL for 2020. A one percent reduction in people leaving home on the weekend

before the state-wide lockdown yields an average of 132 dollars per county resident, though the

confidence interval includes values as low as 28 dollars and as high as 237 dollars. Estimates

based on the Constant VSLY are less than half as big, but still over 60 dollars—roughly an eight-

hour workday at the federal minimum wage.

The estimates in Table 2 are based on deaths averted within 14 days of the statewide lock-

down. In Appendix A.9, Table 13 we show that, according to Specification 2, the value of deaths

averted based on any VSL increases by roughly one-third if we switch to an 18-day horizon. The

EPA’s VSL, for example, implies a marginal increase in early distancing yields a per capita benefit
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of roughly 200 dollars. This dynamic pattern explains why earlier distancing yields such large

benefits. Since each additional case spawns additional cases—often at an exponential rate—a

one-time reduction in cases becomes exponentially more valuable (with the caveat that, as Fig-

ure 3 suggests, the impact does eventually taper off). Marginal early distancing is an investment

that yields compounding returns.

The size of these benefits are especially surprising given that they are underestimates of the

total benefit of early distancing. Our estimates adjust only for the value of deaths averted. Since

our data does not contain reliable information on hospitalizations, we do not account for the

value of hospitalizations averted. And although we do measure the number of confirmed cases,

there is no obvious way to adjust for the value of time lost during recovery. There are also reports

that some COVID-19 cases have caused long-term health problems even in relatively young peo-

ple.21 It is too early to know how long and how severe those symptoms will be.

But we also caution that the large average benefit of deaths averted is not distributed evenly.

Aside from the obvious fact that the value of a death averted largely accrues to the person spared,

Section 3.3 suggests that the average is largely driven by a small number of counties where earlier

distancing averted major outbreaks. Table 14 in Appendix A.9 shows that there was a 2 percent

reduction in the probability a county suffered 5 or more deaths per 100,000. These counties

would accrue nearly 500 dollars per person by averting these deaths. But a far larger share of

counties accrued little or no benefit. These results may in part explain why earlier distancing

(and mandated distancing in particular) is politically fraught. Though the benefits are high in

expectation, the realized benefits may be small or zero for most counties and individuals even

though the realized cost is borne by everyone.

5 Discussion: Weighing Costs Against Benefits to Inform Future

Policy

Our results suggest that a marginal increase in earlier social distancing yields large economic

benefits. These estimates are large because early distancing has persistent and growing benefits

even two to three weeks later, as every case averted earlier in the outbreak prevents future cases

21 See Gale (9 November 2020), for example.
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and deaths. One interpretation is that policy makers wishing to mandate social distancing would

reap surprisingly large benefits from moving more quickly. This section uses our estimates to

make a very rough calculation of whether these benefits outweigh the costs.

To measure the benefits we start with studies that measure the impact of lockdowns on

mobility. Since mobility is a high-frequency outcome, these studies—most of which are event

studies—can precisely measure the impulse response of social distancing. They are more lim-

ited in attributing a particular case or death to a specific day of social distancing. We resolve this

limitation combining the impacts on distancing measured in these studies with our estimates,

which link a specific episode of distancing (the last weekend before statewide lockdown) to the

full trajectory of cases and deaths. This hybrid approach yields the most complete estimate of

the mortality averted by a lockdown.

We translate the topline result of each study from its original form into the impact on the

percentage of people leaving home over the five days after the lockdown begins. The estimates

range from -3.25 percentage points (Gupta et al., 2020a) to a low of almost zero (Cronin and

Evans, 2020), while Andersen (2020) finds a topline number of -2 percentage points and Dave

et al. (2020) finds impacts ranging from -1.5 to -1.9 percentage points. A reasonable median

estimate would assume the lockdown decreases the number of people leaving home by 1.5 to 2

percentage points. Given that our own estimates are on average based on social distancing over

a two-day weekend just prior to statewide lockdown, we can multiply our estimates of deaths

averted after 14 days by the impact of the lockdown to “simulate” beginning the lockdown two

days earlier.22 That would imply 198 to 264 dollars of per capita benefit.

Studies estimating the cost of the lockdown are somewhat more varied in their conclusions.

We focus on studies of the impact on employment because reductions in consumption spend-

ing, for example, likely stem from reduced wages. Several studies find that although voluntary

distancing from people afraid of the virus had substantial impacts on employment, lockdowns

had little or no impact (for example: Kahn et al., 2020; Rojas et al., 2020; Chetty et al., 2020, with

the caveat that the last study actually measures the impact of lifting lockdowns). Among studies

22 This is only an approximation, as the median county’s lockdown actually begins 3 days after the last weekend.

That might imply our estimates are actually informative about benefits accrued within 17 days from starting a

lockdown two days sooner.
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that do find an impact, we rescale the percentage reduction in employment by the employment-

to-population ratio and the hours of employment lost (16 hours in total, given two days of lost

work and 8 hour workdays). Several studies find that the job losses were concentrated among

early-stage and non-college workers (Gupta et al., 2020b; Cheng et al., 2020), suggesting these

workers are likely closer to the minimum wage than not. To be safe, assume an hourly wage of

double the federal minimum. Then the cost of starting a lockdown 2 days earlier ranges from

roughly 2 dollars per capita (Gupta et al., 2020b; Baek et al., 2020) to 4 dollars (Cheng et al., 2020)

to 14 dollars (Coibion et al., 2020).23

This back-of-the-envelope estimate of the cost of an earlier lockdown is dwarfed by the bene-

fits. Assuming a higher hourly wage for lost work—say, 3 or 4 times the federal minimum wage—

would not change the conclusion. There are two reasons why benefits heavily outweigh costs.

First, the benefit of earlier distancing accumulates exponentially even after the extra two days

end, while it is reasonable to assume that the cost, at least for such a marginal change in policy,

is limited to the two days of lost income. Second, since deaths have consequences long after

the lockdown and even after the pandemic, the amortized value of a life saved is enormous rel-

ative to the per capita cost of two days of lost labor. The main counterargument is that the extra

two days of unemployment might persistently lower a worker’s chances of being rehired (Gre-

gory et al., 2020). But the initial evidence suggests that rehiring of furloughed workers has been

swift (Cheng et al., 2020). Nevertheless, the true utility cost of the lockdown depends in part on

whether government policy keeps employers in businesses long enough to rehire, and whether

unemployment benefits arrive in time to avoid causing persistent harm to households. Neither

is a trivial assumption.

Likewise, though focusing on employment is a reasonable first approximation, it does not

capture impacts that might be mediated through changes in asset prices or business income.24

Impacts on consumption are hard to interpret because households may reduce (or increase)

23 We calculate these figures by taking the estimated percentage reduction in employment, rescaling by the March

2020 number of employed persons divided by the total U.S. population, and multiplying by 16 hours and 14.5

dollars per hour. The March number of employed persons is based on the seasonally adjusted estimate from the

Employment Situation Summary (Bureau of Labor Statistics, Accessed 19 April 2021). The estimate of the U.S.

population is based on early estimates for April 2020 from the U.S. Census Bureau (15 Dec 2020).
24 Gupta et al. (2020a) summarizes recent work that studies the impact of the crisis and of lockdowns on consump-

tion.
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consumption even if their income does not change. Nevertheless, we acknowledge that our

rough estimates of the cost of lockdowns likely miss some of the monetary cost. They also dis-

count the substantial non-monetary cost of lockdowns, such as loneliness (Hamermesh, 2020)

and delayed health care (Ziedan et al., 2020). On the other hand, our estimates also undercount

the benefits of earlier lockdowns because they do not include the benefits of hospitalizations

averted, days of labor lost to sickness, and the poorly understood long-term health impacts of

COVID-19 (“long COVID”).

Despite these caveats, our rough calculations suggest that when facing a future outbreak—at

least of a virus that spreads and kills at a rate equal to or greater than the novel coronavirus—the

benefit of a marginally earlier lockdown may outweigh the cost by a substantial margin. Given

the recent experience of the U.S., however, it is worth asking whether mandating an earlier lock-

down is politically feasible. Individual responses to the crisis have been heavily influenced by

partisanship (Andersen, 2020; Allcott et al., 2020; Ding et al., 2020). The decision of whether

to impose a lockdown may thus be politically fraught. Conditional on doing so, however, the

decision of whether to begin a few days sooner is marginal and might be relatively uncontro-

versial. But the results of Section 3.3 suggest there are also political challenges. A leader who

mandates an earlier lockdown will often have little to show because most of her slower neigh-

bors will have no worse an outbreak. The benefit of speed—reducing the risk of a very rare, very

large outbreak—will rarely be observed.

Final Caveats: Aside from the caveats about the cost-benefit exercise, there are a few implicit

assumptions underpinning our main results. First, as noted above we cannot categorically rule

out that rainfall directly affects COVID-19 transmission through some as-yet unknown mecha-

nism. Second, the type of social distancing induced by rainfall may differ from that induced by

a government order.25 Finally, our estimates are based on data from the early days of the pan-

demic and can best be considered informative about a disease as unknown and deadly as the

novel coronavirus was during its first wave of infections.

25 For example, state and county lockdowns have sparked protests and political opposition, while a rainy weekend

presumably would not.
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Table 3
First Stage and Balance

Panel A
(1) (2) (3) (4)

% Leaving Home Baseline Cases Baseline Cases/100k Baseline Case Growth
Rainfall -0.433∗∗∗ -3.137 -0.054 0.004

(0.126) (4.369) (0.322) (0.004)
Counties 1953 1952 1952 1953
Clusters 139 139 139 139
F-stat: Rainfall 11.86 0.52 0.03 1.39
State FEs X X X X
Avg. Rain X X X X
Temperature X X X X
Baseline Case Controls
Demographic Controls

Panel B
(1) (2) (3) (4)

Baseline Deaths Baseline Deaths/100k Baseline Death Growth Population
Rainfall -0.174 -0.032 0.004 4357.243

(0.171) (0.032) (0.004) (10946.903)
Counties 1953 1953 1953 1953
Clusters 139 139 139 139
F-stat: Rainfall 1.03 1.05 1.39 0.16
State FEs X X X X
Avg. Rain X X X X
Temperature X X X X
Baseline Case Controls
Demographic Controls

Panel C
(1) (2) (3) (4) (5)

Median HH Income Fraction 60-69 Fraction 70-79 Fraction over 80 Fraction Black
Rainfall 396.847 0.001∗ 0.001 -0.000 -0.001

(435.028) (0.001) (0.001) (0.000) (0.002)
Counties 1952 1953 1953 1953 1953
Clusters 139 139 139 139 139
F-stat: Rainfall 0.83 2.84 1.15 0.02 0.22
State FEs X X X X X
Avg. Rain X X X X X
Temperature X X X X X
Baseline Case Controls
Demographic Controls

Note: We estimate Equation 1 using the basic specification on each outcome. Standard errors are clustered as in Table 1.
*p=0.10 **p=0.05 ***p=0.01
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Table 4
Ordinary Least Squares Regressions are Severely Biased

Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
% Leaving Home -4.475∗∗∗ -0.416 -0.374 -0.098∗∗∗ 0.183∗ 0.141

(1.093) (0.519) (0.505) (0.028) (0.101) (0.103)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
Outcome Mean 58.27 58.27 58.27 2.05 2.05 2.05
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: This table shows the ordinary least squares analog to Table 1.C, which is simply Equation 3 but using actual per-
centage leaving home rather than the prediction based on variation in rainfall. Standard errors are clustered as in Table
1.
*p=0.10 **p=0.05 ***p=0.01

A.2 Ordinary Least Squares Regressions
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A.3 Heterogeneity
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Table 6
Heterogeneity by Splitting the Sample

Panel A
Baseline Cases Baseline Case Growth Days Until Lockdown

(1) (2) (3) (4) (5) (6)
Below Above Below Above Below Above

% Leaving Home 6.098 37.139 7.149∗ 58.891 18.990∗∗ 14.807∗∗

(4.580) (24.841) (4.200) (51.505) (9.283) (7.011)
Counties 1002 949 1455 496 1057 894
Clusters 123 105 133 85 79 93
First-Stage F 6.41 4.42 9.36 2.13 10.79 7.15
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X X X
Demographic Controls X X X X X X

Panel B
Fraction over 80 Fraction Black Median HH Income

(1) (2) (3) (4) (5) (6)
Below Above Below Above Below Above

% Leaving Home 26.341∗∗ 7.276 6.339 23.287∗∗ 33.830∗ 12.208∗

(12.593) (5.069) (7.736) (9.160) (19.724) (7.168)
Counties 976 975 976 975 977 974
Clusters 119 112 118 89 105 124
First-Stage F 7.96 11.58 4.26 16.66 5.32 9.51
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X X X
Demographic Controls X X X X X X

Note: The sample is split based on whether a county is above or below the median value of the variable given in the
header. “Days Until Lockdown” is the difference between the date of statewide lockdown and the first day of the final
pre-shutdown weekend.
*p=0.10 **p=0.05 ***p=0.01
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Table 7
Winsorized Outcomes

Panel A: Reduced-Form
Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
.01 .02 .04 .01 .02 .04

Rainfall -4.083∗∗∗ -3.009∗∗∗ -2.194∗∗∗ -0.164∗∗∗ -0.131∗∗ -0.079∗∗

(1.155) (0.900) (0.721) (0.058) (0.050) (0.037)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
Outcome Mean 54.35 52.04 49.06 1.66 1.60 1.44
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X X X
Demographic Controls

Panel B: Two-Stage Least Squares

Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
.01 .02 .04 .01 .02 .04

% Leaving Home 9.673∗∗∗ 7.129∗∗∗ 5.198∗∗ 0.388∗∗ 0.310∗∗ 0.188∗

(3.394) (2.661) (2.148) (0.158) (0.134) (0.096)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
First-Stage F 16.78 16.78 16.78 16.78 16.78 16.78
Outcome Mean 54.35 52.04 49.06 1.66 1.60 1.44
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X X X
Demographic Controls

Note: Outcomes are Winsorized at at the percentiles shown in the column header.
*p=0.10 **p=0.05 ***p=0.01

A.4 Winsorized Outcomes
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Table 8
Growth Rates

Panel A: Reduced-Form
Average Growth Rate in Cases Average Growth Rate in Deaths

(1) (2) (3) (4) (5) (6)
Rainfall -0.000 -0.000 -0.000 -0.000 -0.001 -0.001

(0.002) (0.002) (0.002) (0.001) (0.001) (0.001)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
Outcome Mean 0.10 0.10 0.10 0.04 0.04 0.04
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Panel B: Two-Stage Least Squares

Average Growth Rate in Cases Average Growth Rate in Deaths

(1) (2) (3) (4) (5) (6)
% Leaving Home 0.001 0.001 0.001 0.000 0.001 0.003

(0.004) (0.004) (0.004) (0.003) (0.002) (0.002)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
First-Stage F 11.82 16.78 19.84 11.82 16.78 19.84
Outcome Mean 0.10 0.10 0.10 0.04 0.04 0.04
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: We calculate the growth rate as the average of the day-to-day change in the inverse hyperbolic
sine of cases and deaths from the pre-shutdown weekend through 14 days after the statewide lock-
down.
*p=0.10 **p=0.05 ***p=0.01

A.5 Growth Rates
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Table 9
Alternative Outcome: Raw Endline Counts of Cases and Deaths

Panel A: Reduced-Form
Endline Cases Endline Deaths

(1) (2) (3) (4) (5) (6)
Rainfall -58.222 -31.436∗∗ -33.376∗∗∗ -7.787 -4.854∗ -4.661∗

(53.065) (12.052) (11.997) (7.367) (2.814) (2.690)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
Outcome Mean 164.33 164.33 164.33 7.19 7.19 7.19
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Panel B: Two-Stage Least Squares

Endline Cases Endline Deaths

(1) (2) (3) (4) (5) (6)
% Leaving Home 134.243 74.476∗∗ 93.707∗∗ 17.954 11.500∗ 13.085∗

(140.318) (33.145) (37.847) (18.994) (6.841) (7.730)
Counties 1951 1951 1951 1951 1951 1951
Clusters 139 139 139 139 139 139
First-Stage F 11.82 16.78 19.84 11.82 16.78 19.84
Outcome Mean 164.33 164.33 164.33 7.19 7.19 7.19
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: The outcomes are endline cases and deaths without adjustment for county population.
*p=0.10 **p=0.05 ***p=0.01

A.6 Other Outcomes
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Table 10
Alternative Outcome: “Log” of Cases and Deaths per 100,000

Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
Rainfall -0.109∗∗∗ -0.077∗∗∗ -0.086∗∗∗ -0.311∗∗∗ -0.235∗∗∗ -0.244∗∗∗

(0.033) (0.023) (0.023) (0.090) (0.083) (0.090)
Counties 1951 1951 1951 1947 1947 1947
Clusters 139 139 139 139 139 139
Outcome Mean 58.27 58.27 58.27 2.05 2.05 2.05
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: We estimate a Poisson Maximum Likelihood model that assumes the outcome equals the ex-
ponential of the specifications in the main text. This is in concept similar to regressing the log of
the outcome on each specification, but the Poisson estimate is consistent even though the outcome
equals zero for many counties. We are unable to estimate second-stage IV coefficients because the
GMM estimator is unable to converge to estimates of so many state fixed-effects.
*p=0.10 **p=0.05 ***p=0.01
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Table 11
The Impact of Rainfall on Cases/Deaths Is Unchanged When We Control for Humidity

Endline Cases/100k Endline Deaths/100k

(1) (2) (3) (4) (5) (6)
Rainfall -6.106∗∗∗ -7.500∗∗∗ -7.065∗∗∗ -0.707∗∗ -0.707∗∗ -0.702∗

(1.700) (2.100) (2.056) (0.353) (0.353) (0.373)

Rel. Humidity -10.372 -0.113
(17.510) (0.993)

Counties 1951 1132 1132 1132 1132 1132
Clusters 139 135 135 135 135 135
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X X X
Demographic Controls
Sample Full Humidity Humidity Full Humidity Humidity

Note: The “Full” sample is the sample used in the main text. The “Humidity” sample is the subsample
of counties for which we have data on dew point.
*p=0.10 **p=0.05 ***p=0.01

A.7 Humidity

We use data from the Global Surface Summary of Day. The dataset does not record humidity but

does record dew point temperature. We calculate relative humidity using an approximation of

the Clausius-Clapeyron equation (Bell, Accessed 17 May 2020).26

E = E0 exp

{
L

Rv

(
1

T0
− 1

Td

)}
Es = E0 exp

{
L

Rv

(
1

T0
− 1

T

)}
HR = 100% × E

Es
= 100 exp

{
L

Rv

(
1

T
− 1

Td

)}
(4)

where the terms in (4) are

• HR : relative humidity

• T : Temperature (in Kelvin)

• Td : Dew Point Temperature (in Kelvin)

• L
Rv

= 5423K

26 In a few cases the calculation gives a number greater than 100%, likely because a measurement error in the
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We average dew point for all stations within a county and calculate the inverse hyperbolic

sine of the dew point on the last weekend before statewide lockdown.

We estimate the reduced-form of our specification

Yi = κs + ωRi + φ1R̄i + φ2Ti + φ3T̄i +Xiϑ+ vi

which gives the direct impact of rainfall on the last weekend on cases and deaths. We see if

the reduced-form coefficient ω̂ changes when we add dewpoint to the set of controls Xi. The

specifications in Table 11 first show the reduced form coefficient for the entire sample. Since we

only have humidity data for a subset of this sample, the next specification estimates the same

reduced-form coefficient using the restricted sample. The final specification adds relative hu-

midity. The reduced-form coefficient is essentially unchanged when we control for humidity.
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Table 12
Controlling for Local Policy Response Does not Change the Results

Panel A: Reduced-Form
Endline Cases/100k Endline Cases/100k

(1) (2) (3) (4) (5) (6)
Rainfall -6.231∗∗ -5.980∗∗∗ -5.914∗∗∗ -0.763 -0.662∗∗ -0.647∗∗

(2.489) (1.697) (1.676) (0.501) (0.291) (0.282)
Counties 1909 1909 1909 1909 1909 1909
Clusters 134 134 134 134 134 134
Outcome Mean 57.27 57.27 57.27 2.04 2.04 2.04
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Panel B: Two-Stage Least Squares

Endline Cases/100k Endline Cases/100k

(1) (2) (3) (4) (5) (6)
% Leaving Home 15.104∗∗ 15.132∗∗∗ 16.802∗∗∗ 1.850 1.675∗∗ 1.838∗∗

(7.324) (5.011) (5.886) (1.330) (0.767) (0.835)
Counties 1909 1909 1909 1909 1909 1909
Clusters 134 134 134 134 134 134
First-Stage F 16.17 18.89 21.50 16.17 18.89 21.50
Outcome Mean 57.27 57.27 57.27 2.04 2.04 2.04
State FEs X X X X X X
Avg. Rain X X X X X X
Temperature X X X X X X
Baseline Case Controls X X X X
Demographic Controls X X

Note: We define a dummy equal to 1 if the county has adopted some measure (emergency declaration,
safer-at-home instruction, shutting down businesses) by the end of the horizon for our outcome, 14
days after the statewide lockdown. All regressions control for this dummy (in addition to the controls
discussed in the main text).
*p=0.10 **p=0.05 ***p=0.01

A.8 Policy Response

Using dates on county-level policy responses from The National Association of Counties (Ac-

cessed 22 May 2020), we define a dummy for whether the county has put any social distancing

measure (emergency declaration, safer-at-home instruction, shutting down businesses) before

the date at which we measure the outcome (14 days after the statewide lockdown). Table 12

reports our reduced-form and two-stage least squares estimates after controlling for the policy

response.

A.9 Dynamic and Distributional Value of Early Distancing
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Table 13
Per-Capita Value of Marginal Earlier Distancing by Horizon (Specification 2)

VSL Measure

Horzon EPA 2020 VSL Invariant VSL Constant VSLY Inverse-U VSLY
2 17.00 18.83 7.92 14.72
4 31.26 34.61 14.55 27.06
6 45.73 50.64 21.29 39.59
8 64.92 71.88 30.23 56.20
10 79.04 87.52 36.80 68.42
12 107.40 118.93 50.01 92.97
14 132.30 146.49 61.60 114.52
16 159.94 177.10 74.47 138.45
18 197.21 218.37 91.83 170.71

Note: We report the per capita dollar value of earlier distancing accruing within a particular time
horizon. Each column uses a different measure of the value of a statistical life, and each row a different
horizon (in days) from the date of the state-wide lockdown. These figures combine each VSL with the
estimates from the second panel of Figure 3, which is estimated using Specification 2.

Table 14
County-Level Distribution of the Per-Capita Value of Earlier Distancing

VSL Measure

Endline Deaths / 100k % Change EPA 2020 VSL Invariant VSL Constant VSLY Inverse-U VSLY
0 -1.81 0.00 0.00 0.00 0.00
1 -0.82 96.00 106.30 44.70 83.10
2 1.98 192.00 212.60 89.40 166.20
3 1.98 288.00 318.90 134.10 249.30
4 1.58 384.00 425.20 178.80 332.40
5 2.12 480.00 531.50 223.50 415.50
7 2.77 672.00 744.10 312.90 581.70
9 2.07 864.00 956.70 402.30 747.90
11 2.24 1056.00 1169.30 491.70 914.10
13 2.12 1248.00 1381.90 581.10 1080.30
15 2.31 1440.00 1594.50 670.50 1246.50
20 1.63 1920.00 2126.00 894.00 1662.00
25 1.61 2400.00 2657.50 1117.50 2077.50
30 1.27 2880.00 3189.00 1341.00 2493.00
35 1.17 3360.00 3720.50 1564.50 2908.50
40 0.92 3840.00 4252.00 1788.00 3324.00

Note: We report the per capita dollar value of reducing the number of deaths per 100,000 within 14 days of the statewide
lockdown alongside the estimated change in the probability of having at least that many deaths. We report in the last 4
columns the value of averting the number of deaths given in the first column. Each column uses a different measure of
the value of a statistical life.
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A.10 Robustness to Cluster Size

Figure 5
The First-Stage F-Statistic and P-value on the Key Regressor Remain Within Conventional Limits as we

Vary the Size of the Clusters

<==== First-Stage F-stat

P-value ===>

0
.0

1
.0

2
.0

3
.0

4
.0

5
P-

V
al

ue
 o

n 
%

 L
ea

vi
ng

 H
om

e

0
5

10
15

20
25

Fi
rs

t-S
ta

ge
 F

1 2 3 4 5
Block size (degrees of lat/lon)

Note: We test the whether the inference of our main result is overly sensitive to the size of the clusters (based on Specifi-
cation 2 using endline cases per 100,000 as the outcome). In the main text we constructed clusters based on a grid where
each rectangle was of length 3°on one side. Here, we reconstruct the clusters allowing the length to vary from 1 to 5 de-
grees. For reference, 5 degrees of latitude is a little less than the straight-line distance from the Canadian border to Rapid
City, South Dakota (roughly 650 kilometers). Across this entire range, the first-stage F-statistic is above 10 and the p-value
on the key two-stage least squares estimate lies below 0.05.
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B Data Appendix

B.1 Measures of Social Distancing

Device-exposure index (DEX): The index is computed using cellular data from PlaceIQ. Daily

exposure of a device is defined as the number of distinct devices that visit the commercial venues

that the particular device visits that day. DEX is then calculated by averaging the exposure values

for all devices in the sample in the geographical unit (e.g. county) on a particular day. The set of

devices included in the calculation of DEX are those that pinged on at least 11 days over any 14-

day period from November 1, 2019 through the date in question. The venues covered are mainly

commercial venues (with the largest category being restaurants). The set of venues is restricted

to those “small enough such that visiting devices are indeed exposed to each other.” The set

excludes Nature and Outdoor, Theme Parks, Airports, Universities, as well as any location whose

category is unidentified by PlaceIQ.

Location-exposure index: The LEX dataset is a daily matrix of 2018 counties in which each

cell [i, j] reports, among devices that pinged on a particular day in county j and pinged anywhere

in the previous 14 days, the share of devices that pinged in county i at least once during the

previous 14 days. The dataset is restricted to counties with reasonably large device samples.

We assume that diagonal elements of the matrix represent the fraction of cellphones pinging in

a particular county that belong to that county itself, and hence 1- lex[i, i] represents the total

fraction of devices pinging in county i that had not been in i during the prior 14 days.

B.2 COVID-19 Cases and Deaths

The data for county-level COVID-19 cases and deaths was extracted from two sources: (I) Coron-

aDataScraper project, and (ii) JHU COVID-19 daily cases and deaths repository. Both the sources

are updated daily. While the JHU dataset is more comprehensive of the two, we identified several

county-date combinations for which:

• There were missing observations, or

• Data was discontinued for subsequent time periods
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There were 136 such counties identified for confirmed cases and 63 for number of deaths.27 For

the counties we check, we also corrected two additional errors:

• The cumulative number of cases (or deaths) decrease after the particular date, implying a

negative growth rate in cases (or deaths)

• The cases were reported with a lag of more than 1 day

We start with confirming the first reported case for the aforementioned 136 counties. This is

important, since in some cases a presumed case was erroneously reported as the first confirmed

case, or an administrative error assigned a case from another county or state to the county in

question (or person was a temporary resident). What we observe is one (incorrect) entry in the

number of cases on a particular day and then no observations for multiple days after that.

While some counties have regular press releases or a daily updated dashboard to check the

numbers for a particular day, for the others we rely on multiple news reports. We follow the same

procedure for other cases in the panel where the cumulative numbers on the subsequent dates

mysteriously reduce only to increase again. Links to the rectification provided by the County

Public Health Department as well as the news reports have been provided in the dataset. In

cases where the county corrected the numbers but an associated press release was not found,

we rely on multiple local news reports for the dates in question. We follow the same procedure

for counties which did not have any confirmed cases but the dataset recorded one.

For randomly missing observation on particular dates, we look at the county public health

department daily releases and dashboard charts, or the state public health department daily

status updates for counties, and finally if there is a lack of information from both sources, we look

at reports from the local media. Some state public health departments also provide a disclaimer

attributing missing data for certain counties to lag in time between testing and reporting (e.g.

Jeff Davis County, Georgia). For these county-date pairs, we rely solely on multiple local news

reports that confirm the number of cases on that date.

We follow the above steps for correcting the cumulative number of deaths decreasing over

time.

27 A subsequent release of the JHU data corrected 33 of the case count errors.
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