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Abstract

In combating the spread of COVID-19, some governments have been reluctant to adopt
lockdown policies due to their perceived economic costs. Such costs can, however, arise
even in the absence of restrictive policies, if individuals’ independent reaction to the virus
slows down the economy. This paper finds that imposing lockdowns leads to lower overall
costs to the economy than staying open. We combine detailed location trace data from
40 million mobile devices with difference-in-differences estimations and a modification
of the epidemiological SIR model that allows for societal and political response to the
virus. In that way, we show that voluntary reaction incurs substantial economic costs,
while the additional economic costs arising from lockdown policies are small compared to
their large benefits in terms of reduced medical costs. Our results hold for practically all
realistic estimates of lockdown efficiency and voluntary response strength. We quantify the
counterfactual costs of voluntary social distancing for various US states that implemented
lockdowns. For the US average, we estimate that lockdowns reduce the costs of the

pandemic by 0.8% of annual GDP per capita, compared to purely voluntary responses.
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1 Introduction

There is an emerging consensus that social distancing is effective at diminishing the spread
of COVID-19 by reducing interpersonal transmission (Anderson et al., 2020; Bai et al., [2020;
Fowler et al., 2020; Viner et al., 2020)). Yet, the way in which political leaders aim to flatten
the infection curve differs vastly across countries. Many governments successfully decreased
contagion by mandating lockdown policies (Hsiang et al., |2020)), while others relied on the
voluntary response of their population, under the argument that lockdown policies may be
associated with significant economic costs. It is therefore a major policy concern to understand
how high levels of social distancing can be reached (Briscese et al., [2020)) at minimal economic
cost.

In this paper, we leverage high-resolution location trace data across US counties and combine
them with microeconometric methods to disentangle the voluntary and mandatory social
distancing response during the pandemic. For the purpose of calculating the voluntary and
lockdown responses, we concentrate on the time period from the start of the pandemic (January
1, 2020) until the last day before the first easing of a lockdown takes place (April 23, 2020).
Using a controlled SIR model (Gros et al., 2020)), we translate these social distancing response
estimates into assessments of medical and economic costs associated with COVID. We thus
arrive at two sets of cost estimates: first, those that would arise in the absence of a lockdown;
and second, those that would arise under a state-wide lockdown that is not eased before the
end of the pandemic.

We find that the percentage of people who stay at home voluntarily increases on average by
5.1% in response to the occurrence of the first local cases of COVID. The effect following the
implementation of a state-wide shelter-in-place mandate is of a similar size. Combining these
estimates with the SIR model based on Gros et al. (2020), we estimate the pandemic to cost
the US around 16.1% of annual GDP per capita under a non-lockdown scenario compared to
15.2% if a lockdown is imposed. When taking into account the statistical value of life, these
values increase to 20.9% and 18.1%, respectively.

The main implications of our paper are threefold. First, independent of government policies,
movement decreases markedly in response to a local outbreak of the virus. Thus, economic
costs are inevitable even in the absence of lockdown policies. Second, voluntary and lockdown
responses are of similar magnitude. Governments that rely on their citizens to respond voluntarily
need to take into account that the associated change in social distancing behavior will be
significantly smaller without a lockdown policy in place. Third, our augmented version of the
SIR model indicates that not imposing a lockdown barely improves economic performance, while
it drastically increases medical costs—both in terms of lives lost and in terms of hospitalization
costs.

Our paper contributes to several strands of literature. First, we support the finding that

the additional economic costs of lockdown measures compared to non-lockdown scenarios are



relatively small, while their medical benefits are large. Low economic costs have also been
estimated by Baek et al. (2020), who find that only one fourth of the unemployment claims in
the early phases of the crisis can be attributed to shelter-in-place policies. Hence, our results
stand in opposition to the view that voluntary responses are a better strategy than lockdown
policies as proposed in Krueger et al. (2020), among others. An often cited example for the
efficacy of relying on voluntary social distancing is Sweden. Current data on GDP growth and
forecasts suggest, however, that the Swedish economy may contract in a similar magnitude as
in other European countries or in the US (EC, 2020).! Our results also contrast with those of
Chudik et al. (2020)), who find that voluntary responses have a small impact on the spread of the
pandemic compared to lockdowns, but lead to large costs in terms of employment losses. Second,
this paper speaks to a growing literature that jointly models the dynamics of the economic
and health threats arising from COVID (Acemoglu et al., 2020; Allcott et al., 2020a; Atkeson,
2020; Barro et al., [2020; Coibion et al., 2020; Eichenbaum et al., 2020; Jones et al., [2020;
Kaplan et al., [2020). Third, a number of papers has used cellphone data to study movement
patterns during the COVID pandemic. They show that patterns in social distancing depend on
partisanship (Allcott et al.,|[2020b; Grossman et al., 2020; Kushner Gadarian et al.,|[2020; Painter
and Qiu, [2020)), political polarization (Cornelson and Miloucheva, 2020)), poverty and economic
dislocation (Wright et al., 2020)), belief in science (Brzezinski et al., 2020b), risk perception
(Allcott et al., 2020b; Barrios and Hochberg, [2020; Engle et al., 2020) and civic capital (Barrios
et al., 2020; Durante et al., 2020)). Our central contribution is to combine data from mobile
devices with a controlled SIR model to estimate the medical and economic costs under different

policy scenarios.

2 Data

We construct a dataset at the county-day level spanning the period between January 1, 2020
and April 23, 2020. The data contains measures of social distancing and the lockdown policies
enacted by counties.We only consider data up to April 23 because Georgia was the first state to
partially ease its lockdown on April 24, but we are interested in the effect of imposing lockdowns,

not easing them.

SOCIAL DISTANCING. Our outcome variables are based on location trace data from SafeGraph,
obtained by tracking GPS pings from up to 40 million devices across the United States. Our
analysis is based on a new data product SafeGraph developed to allow the tracking of social
distancing in response to the virus, Social Distancing Metrics. The data comes from an

underlying panel of up to 40 million mobile devices with home addresses in all 200,000+ census

ISweden only saw an estimated 4 p.p. smaller decrease in aggregate consumer spending than neighboring
Denmark, which did impose a lockdown and experienced a drop in spending of around 29 percent (Andersen,
2020]).



block groups (CBG) across the United States. It has been aggregated in an exhaustive 6-step
process designed to guarantee reliability, granularity and anonymity.? As our main outcome
variable we calculate the percentage of devices that stayed home all day by summing, at the
county level, the number of the devices that exclusively emitted GPS pings from their home
location over the course of a day, and dividing it by the total number of devices observed in each
county on that same day. Variations of this variable have previously been exploited in Brzezinski
et al. (2020b)), Cotti et al. (2020), Holtz et al. (2020), Lasry et al. (2020)), and Simonov et al.
(2020). A device’s home is determined as its common nighttime location over the course of 6
weeks, down to a Geohash-7 (153m x 153m) granularity. Note that, due to the limited frequency
of GPS pings, our outcome variable is likely to be downward biased for more densely populated
areas, where short trips outside of the home might not be registered. We take this into account
by controlling for county-specific factors in our main regression specifications.

The panel exhibits limited bias along several dimensions. When it comes to geographic bias,
the absolute difference between the panel’s density and the true population density as measured
by the US census never exceeds 1% at the county level. The correlation between both variables
is 0.97. In addition, the panel also has a low degree of demographic sampling bias. Although
device-level demographics are not collected for privacy reasons, average demographic patterns
can be studied using panel-weighted, CBG-level Census data. Here again, the frequency of
salient demographic and income groups in the panel closely tracks the same frequency in the
Census. This supports the representativity of the sample with respect to the whole population,

because cellphone use in the US is common across a wide range of demographic groups.3

LockDOWN PoLICIES. Data on the lockdown measures implemented to combat the spread
of COVID have been retrieved from several sources: the National Association of Counties
(NACO)%; the National Governors’ Association (NGA)%; Education Week® ; and The New York
Times.” The data incorporates information on shelter-in-place policies as well as school and
business closures. Business closure orders require all non-essential businesses to shut down,
while shelter-in-place policies call for all citizens to stay at home. Essential needs, such as
grocery shopping, exercise and medical emergencies, are the only exceptions to shelter-in-place
orders. Nonetheless, such orders were generally not strictly enforced in the US, allowing for
varying degrees of compliance. People working in essential businesses were still allowed to go

to work. Additionally, all states implemented school closures. We codify the date of a policy’s

2CBGs with less than 5 devices are excluded from the sample. To further enhance privacy preservation,
SafeGraph collects data not directly from cellphones, but only from secondary sources. Thus, the data products
and maps derived from the mobility patterns are aggregate results that do not allow the re-identification of
individuals.

3See, for example, https://www.pewresearch.org/internet/fact-sheet/mobile/.

4For details , see https://ce.naco.org/?dset=COVID-19&ind=State%20Declaration%20Types.

Shttps://www.nga.org/coronavirus/#states

Shttps://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html?
override=web

"https://www.nytimes.com/interactive/2020/us/states-reopen-map-coronavirus.html.


https://www.pewresearch.org/internet/fact-sheet/mobile/
https://ce.naco.org/?dset=COVID-19&ind=State%20Declaration%20Types
https://www.nga.org/coronavirus/#states
https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html?override=web
https://www.edweek.org/ew/section/multimedia/map-coronavirus-and-school-closures.html?override=web
https://www.nytimes.com/interactive/2020/us/states-reopen-map-coronavirus.html

implementation as the official date it went into effect if it did so before 12pm, or one day later
if it did so after 12pm.

COVID StaATisTICS. County-level statistics on COVID cases and deaths in the United States
are retrieved from the COVID-19 data portal provided by the New York Times.® We also
collected data on the state-day effective reproduction number R, which is calculated according
to a modified version of the model described in Bettencourt and Ribeiro (2008).”

UNEMPLOYMENT. Data on weekly unemployment claims and rates by state was retrieved from

the United States Department of Labor, Employment and Training Administration.'®

3 Quantifying Voluntary and Lockdown Responses

In order to quantify and compare voluntary and lockdown-induced social distancing responses,
we pursue a set of difference-in-differences (DiD) strategies. First, we estimate the state-specific
voluntary social distancing response by analyzing how movement patterns vary around the
appearance date of the first local COVID cases controlling for whether a lockdown policy is in
place. Second, we isolate the social distancing response to state-wide shelter-in-place policies,
where we control for the trajectory of voluntary behavior caused by the spread of the virus. We
also explicitly control for spillovers caused by policies of connected states and counties using the
approach of Holtz et al. (2020). Following Goodman-Bacon and Marcus (2020), we complement
our baseline DiD estimates with an event-study approach to check the robustness of our results.

The inherent differences in our two types of events of interest, i.e. the appearance of
county-level local cases and the implementation of state-wide lockdown policies, as well as
their staggered nature, implies that we need to pursue two separate DiD strategies to obtain
estimates of the voluntary and lockdown responses. To estimate the voluntary response, we
can leverage the fact that COVID cases appear at different periods across counties in a given
US state, allowing us to estimate the voluntary response separately for each state. We cannot
pursue the same strategy for estimating the effect of state-level lockdowns, since these are, by
definition, implemented simultaneously in all counties of a state. Thus, we implement separate
DiD strategies for the estimation of voluntary and lockdown responses, for which we employ
different sets of control variables, as will be described in more detail further below.!!

Figure|l| shows the evolution in the growth rate in the percentage of people who stay at home,

alongside the share of states that have experienced their first COVID cases and deaths as well

Shttps://developer.nytimes.com/covid

9https://rt.live/

Onttps://oui.doleta.gov/unemploy/claims.asp

HFor instance, to capture increases in social distancing that are really voluntary, we need to account for
whether county- or state-level policies have been implemented. On the other hand, when estimating the lockdown
response, we require additional controls that account for the voluntary increase in social distancing, since
lockdowns are enacted for the most part after the appearance of first cases.


https://developer.nytimes.com/covid
https://rt.live/
https://oui.doleta.gov/unemploy/claims.asp

as the share that implemented state-wide shelter-in-place policies. In most states, the first case
occurred during the first half of March, while first deaths and lockdown policies were lagging
behind. Social distancing gained ground from March 8 onward, the date of the first death in
the US, until the end of the month and remained stable afterwards. To disentangle voluntary
and lockdown-induced social distancing, we adopt a DiD approach where the counterfactual
comprises counties that have not (yet) been exposed to a first COVID case or a shelter-in-place
order, respectively. Hence, our identification strategy hinges on a parallel trend assumption in
the outcome variable relative to the day of the treatment. In this case, the approach yields

estimates that can be interpreted as causal average treatment effects.

— [ insert Figure (1| here | —

VOLUNTARY RESPONSE. To estimate the voluntary response, we pursue the following DiD
approach:

pct;p = o+ 0+ (Lockj s + B First; s + v (Lockj s < First; ;) +Qyi¢ + €t (1)

where pct; + denotes the percent of devices that stay home all day in county ¢ and on day ¢. o
and d; refer to county and day fixed effects. Lock;; takes value 1 if the shelter-in-place policy
has been implemented at or before time ¢ in state j. Similarly, First;; is a dummy variable
that is equal to 1 if the first case has already occurred, and 0 otherwise. Lastly, the vector
yit includes controls for state-wide cases and deaths, state-wide school closures, county-wide
business closures and state- and county-wide emergency declarations.?

Since we control for the interaction of First;; and the policy variables, the coefficient 3
captures the social distancing response when no policy is enacted, in other words, the voluntary
response. For each state, we use a balanced sample of its counties that goes up to two weeks
after the state’s lockdown. For the US-wide stacked DiD, we use the full balanced sample.
Further robustness checks suggest that our estimates are not strongly affected by bias due to
either time or unit heterogeneity (see section @[)

Figure [2 shows the results from regression Equation [I} estimated separately for each state.
Blue (red) lines correspond to Democratic (Republican) states as per the 2016 presidential
election, dashed lines indicate parameters that are insignificant, and the horizontal line plots the
point estimate for the US as a whole. The main US-wide regression results for the estimation are
reported in Table [} Column 1.1 Our state-specific estimates range from showing no significant

effect to an effect of 6.2 percentage points, with a US-wide estimate of 1.28 percentage points.

— [ insert Figure |2/ here | —

12We do not control for state-wide business closures as these generally coincide with shelter-in-place orders.
Note also that our specification assumes that the effect of a county-level policy is constant over time, and that
the effect of a state-level lockdown only depends on whether an outbreak has already taken place. This seems a
reasonable approximation: the estimates from our event-study approach for the state-level lockdown show that
the coefficients are relatively stable across the first days after a lockdown (see Figure .

B3Full results in Appendix Table




LOCKDOWN RESPONSE. We pursue a similar stacked DiD approach to estimate the lockdown

response:

pctit = o + 04 +dayssince; ¢ + 0 Lock; ¢ + CDZ-G,tEO +Wyi ¢+ Ui, (2)

where all variables are defined as above, with the exception that we include the additional
GPO = Y wik X Dy,

which is a vector containing a geographic-adjacency-weighted average of all other counties’

days-since-first-case fixed effects dayssince; ;. Additionally, we include D

policies.'* The weights w; ), measure the normalized posterior probability of travel to county &
for someone who lives in county ¢, and Dj; is a vector of dummies for county- and state-level
shelter-in-place orders, business closures and school closures.'® This term allows us to control
for spillovers of policies implemented in geographic alter counties. We incorporate this variable
to control for the trajectory of voluntary responses coming from the progression of the disease,
before any lockdown has occurred. As previously shown, individuals in affected areas exhibit
voluntary social distancing over and above any country-wide behavioral trends. Thus, omitting
dayssince;; would result in an upward bias in the estimate for . The event-study approach in
section [D] confirms that there is no significant pre-trend in our analysis.

As before, we balance the US-wide sample by county and date. We exclude counties from
the analysis that have implemented county-level policies before the introduction of state-level
policies to reduce the threat of anticipation effects. In contrast to the voluntary response, we
are unable to obtain state-specific lockdown results, since, by definition, state-level lockdowns
are enacted in all counties of a state simultaneously.

Column 2 in Table [I] shows the estimate for 6 from Equation [2| for the US. We find that the
lockdown increases the percentage of people who stay at home by 1.32 percentage points after
the policy is implemented. The full regression results presented in Appendix Table confirm

that the control variables have the expected signs or are insignificant.

— [ insert Figure 1| here | —

4 The Costs of Voluntary and Imposed Social Distancing

In this section, we provide calculations of the medical and economic costs incurred by voluntary
and policy-induced social distancing. We do so by combining the estimates for the two forms

of social distancing with the ‘controlled SIR model’, a modified version of the workhorse SIR

1 Note that for the estimation of the voluntary response, we cannot include similar geographic-adjacency-
weighted average measures of all other counties’ first-case appearance. The reason is that the appearance of
COVID cases in one county is highly collinear with the appearance of such cases in neighbouring counties. We
also do not include geographic-adjacency-weighted average measures of other counties’ policies for the estimation
of voluntary responses, since the first cases appear generally much earlier than the implementation of policy
measures.

15See Holtz et al. (2020, S2.3) for further information on the geographic adjacency matrix.



model, that allows the disease reproduction number to endogenously depend on the political
and societal response intensity to the virus (Gros et al., [2020)).

As the model admits an analytical solution, the total response intensity can be estimated
from the data. We interpret this response intensity as the combination of voluntary and
lockdown-induced social distancing, which we can then decompose based on our counterfactual
econometric estimates from the preceding section. Armed with this decomposition, we re-
simulate the model for several US states so as to quantify the costs associated with the observed
total and estimated voluntary reductions in movements. We thus combine econometric estimates
based on detailed micro-data with a modeling approach firmly embedded in epidemiology to
conduct a counterfactual policy simulation of the costs of staying open. The theoretical model
we use is parsimonious and transparent, a feature we believe makes it preferable to heavily
parametrized economic models, as it reduces the uncertainty associated with estimating a large
number of parameters, and facilitates discussion of the underlying model assumptions. Moreover,
while agent heterogeneity is likely to be an important factor in the spread of the virus, our
model assumes that governments are either not capable of or not willing to target lockdowns
towards specific population groups.

Identification of the model parameters requires that a peak of the pandemic is clearly
identifiable and has already passed. As a result, we only include states in the analysis where
a clear peak is identifiable before the easing of a state-level lockdown. The calculation of
the estimates of the costs of lockdowns requires the further assumption that the government
lockdowns would have been kept in place until case levels are low enough to be contained by
more targeted measures. This allows us to calculate two types of counterfactual medical cost
estimates for each state: those that would arise under no lockdown, and those that would arise
under a lockdown that was kept in place until the end of the pandemic. Since we only look at
states that saw a clear initial peak during lockdown, the parameters estimated on the basis
of our specification are well-identified even if these states see resurgences in cases after the
lockdown is lifted.

CONTROLLED SIR MODEL. At any time t > 0, a population is composed of three types of
individuals: susceptible, infected and recovered; with associated quantities S = S(t), I = I(t)
and R = R(t).'® Population size is constant and normalized such that S+ 1+ R =1. The
following set of ordinary differential equations describes an isolated epidemic outbreak:

as dl dR

S & gSI—1 By
T gSI, T gSI—1, T =1 (3)

where ¢ is the reproduction number and 7 > 0 is the time scale. According to the first equation,
the growth rate of S decreases in g and in the number of contacts between susceptible and

infected individuals SI. The change in infections in the second equation equals this reduction

16This paragraph closely follows the exposition in Gros et al. (2020).



in susceptible individuals ¢gSI. Finally, the third equation posits that all infected individuals
recover or die. Note that, in the case of COVID, this invites an interpretation of the model’s
time scale as the duration of the disease’s infectiousness, which is estimated to be 2 weeks
(WHO, 2020).

In contrast to the standard SIR model, societal and political response to the spread of the
virus is assumed to push g below its intrinsic number gy > 0, which depends on the virological

characteristics of the disease. This notion can be operationalized by

g0

=N = X=1-5 4
el S (4)

9

The parameter o > 0 describes the overall reaction strength of the population to the spread of the
virus, captured by the cumulative number of cases X. Equation [ implies that social distancing
has decreasing returns in reducing the reproduction number. This is in line with epidemiological
evidence that the distribution of individual infectiousness is highly right-skewed, with a small
number of ‘superspreaders’ infecting many individuals at large social events (Lloyd-Smith et al.,
2005)).17 Given gg, the parameter o determines the level to which the reproduction number
converges as the disease progresses, allowing us to interpret « as the degree of social distancing.
As such, a business-as-usual scenario amounts to a =0 and g = gg. Using our estimates from
section [3] we can decompose a = a, + o, where ay, > 0 captures the degree of voluntary social
distancing and «; > 0 the additional response induced by lockdown policies. Note that our
DiD design allows for such an additive interpretation of both responses, as the estimated
lockdown response quantifies the additional social distancing compared to the counterfactual of
no lockdown—i.e. of only voluntary social distancing.'®

Under the assumption that individuals and policymakers react to X rather than /—what
Gros et al. (2020)) call long-term and short-term control, respectively—, the controlled SIR model
described by Equations [3] and [4] admits an analytical solution. Since X =1—.S by definition,
this implies that the reaction depends directly on the size of the susceptible population. From a
theoretical point of view, this is more intuitive than to assume that the government only reacts
to the current rate of infections, regardless of the progression of the virus and the amount of
people at risk of being infected. Moreover, the assumption that the government reacts to X,

and the implied relationship between X and the reproduction rate, holds true empirically (see

7This dispersion in individual infectiousness is commonly denoted as k. Early estimates suggest the k for
COVID is similar (Riou and Althaus, [2020)) or even lower (Endo et al., |2020) than it was for SARS and MERS,
two other corona viruses that exhibited strong clustering.

18For both the voluntary and the lockdown response estimations, the absence of significant pre-trends in the
event study estimates presented in provides evidence in favor of this interpretation. With the use of suitable
control variables, we ensure that our estimate of o, only captures the voluntary response and of «; only the
lockdown response (see section . For this purpose, in the case of the voluntary response we include controls for
county- and state-level policies. For the estimation of lockdown responses, in turn, we use a rich set of controls
for the progression of the disease, and thus account for the voluntary response pre-lockdown. Therefore, the
estimated lockdown response quantifies the additional social distancing compared to a no-lockdown scenario.



the discussion of Figure in the Appendix). The model then permits the estimation of a and

go from the data using the derived ‘XI representation’

I

|
= OTI0 I 1 X), (5)
90 9

which is independent of 7. This relation holds remarkably well in the data across highly
dissimilar regions, validating the model and supporting its robustness (Gros et al., 2020, Fig 1).
Figure in Appendix shows a similarly close model fit for 23 different US states. What is
more, the model is robust to differences in testing as long as [ and X are mismeasured by the

same ratio.

PARAMETRIZATION. To estimate the model parameters, we take I; and X; from our daily data
as the number of newly confirmed COVID cases and the cumulative number of confirmed cases.!?
We smooth the number of cases with a symmetric moving average of length 5, as in Gros et al.
(2020), and normalize by dividing I; and X; by the total population size of the geographical
unit under consideration. To parametrize Equation [5] we use weighted least squares to estimate,
for state j at time ¢,

Ijy = p1Xji + B2log (1 — Xji) + €t (6)

where the weights equal Ij; to account for the fact that the case data is crowded at low levels
(Gros et al., 2020, p.9). For each state, we use a sample that goes until the lockdown is lifted.
One can then obtain gg and & using 81 = (a+go)/go and 52 = (1 +«a)/go. The estimated
parameters are reported for selected US states in Table[A. 1] Based on &, we obtain estimates for
the voluntary response &, by using the estimates from Section |3|and the relationship a = a,, 4 ay.
In particular, we use the state-specific voluntary response estimates (V) shown in Figure [2| and
the US-wide lockdown response (L) from Table [1| to estimate the relative size of &, by scaling «
by the ratio

v
— 7
V+L’ (7)

for each state.20

Note that this is a valid measure of I as long as the infectiousness period does not change in the sample.
This seems reasonable since no probably effective drug treatment had yet been put to wide use during our sample
period.

20Note that our decomposition of « constitutes a conservative way of estimating the fraction of the total
measured response made up by the voluntary response. The reason for this is that there are likely other ‘weaker’
forms of voluntary social distancing that our estimate does not take into account, which are, for example,
captured in the country-wide time trend (Farboodi et al., 2020)). Our definition of voluntary social distancing is
‘strict” in that we only consider people’s response to the local spread of the virus, which is a feature we should
always expect to be associated with a pandemic outbreak. The country-wide time trend, on the other hand, likely
captures the response to more contingent features of the outbreak, such as national emergency declarations. Our
‘strict” definition is thus conservative in the sense that it underestimates what percentage of the total response
is due to voluntary social distancing, and hence underestimates the economic costs associated with voluntary
distancing.

10



Because we are interested in decomposing the effect of lockdown, we only consider states
that implemented such a policy in our sample. Additionally, we drop all states where daily case
counts did not clearly reach a first peak before the lockdown was eased.

With these parameter estimates in hand, one can simulate the discrete-time version of the
model. Denoting the discrete-time equivalents of g and gy by p and pg, respectively, it holds
that pp = exp(Jo), and the discretized model can be written as

o0
L1 =pe i (1—Xy), X =) Iy, (8)
k=0

where p; is described by the discrete version of Equation .21 Note that the estimated baseline
reproduction numbers pg in Table are closely in line with those from the epidemiological
literature (Li et al., [2020; Liu et al., [2020)).

COST ESTIMATES. As shown in Equations [3]and [} the framework explicitly models the positive
feedback loop between infections and the reproduction number. Political and societal factors
can lead to variation in g and therefore influence the costs associated with the outbreak. We use
the findings from section [3] to estimate the costs related to voluntary and policy measures. We
distinguish four types of costs, expressed in terms of GDP per capita: (1) the production loss
due to infected workers going on sick leave, (2) the medical expenses associated with infections,
(3) the loss of human lives, and (4) the costs of social distancing (Gros et al., 2020, p.12).

Since the first three types are related to health and medical costs, they are directly propor-
tional to Xy, the cumulative number of cases at the end of the pandemic.?? Hence, these costs
can be approximated as C™edical — kX« where Gros et al. (2020) suggest a value of k ~ 0.305,
or k ~ (.14 if the value of human life is not considered. These estimates, based on data from the
Diamond Princess cruise ship, include appraisals of the costs induced by the lost work time of
sick people, as well as conservative estimates of hospitalization costs in Europe, which are based
on early estimates of the hospitalization rate of COVID (CDC, [2020).23 Under a laissez-faire
scenario, Xior = 0.94%% and the upper bound for the medical cost estimate is roughly 29% (or
13% if not accounting for the value of life) of annual GDP per capita.

The fourth cost factor is a function of voluntary and mandatory social distancing. Denote
the function that maps social distancing into economic costs by f(aw,,S), which depends

positively on voluntary social distancing «a, and lockdown-induced social distancing «,,, and

21'We initialize Iy =2 x 1075 and end the simulation at I; = 1072, after which it is assumed that new cases
are fully reduced to zero by test and trace strategies (Gros et al.,|2020)).

22We assume that Xt ~ X at time ¢t =T, with T the final time period.

23Note that these are truly conservative estimates insofar as hospitalization costs in the US are generally
higher than in Europe.

24We stress that this value is not to be confused with herd immunity, the point where transmission of the
disease starts to decline. In fact, consistent with the literature (e.g. Kwok et al., 2020)), plugging our estimates in
the standard formula 1 —1/p¢ (Fine et al.,[2011) yields an estimated herd immunity point of around 70% for the
US as a whole.
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negatively on the size of the susceptible population S. By Equation |4, this cost can be captured
by the decrease in p/po:

po 52’

where Equation [9 sums over all points in time when the pandemic is in a large-scale containment

O = flonar$) =y, m 1= 2] 2 )

stage, that is, when individual testing and tracing is not possible. The parameter m maps
the social distancing efforts into their economic costs. We estimate m based on the observed
relation between the weekly average of the state-level reproduction rate and the weekly insured
unemployment rate across US states, as described in section .25 Our estimate of 0.28 is very
close to the value of 0.25 calculated by Gros et al. (2020) relying on data from China.

Overall, the model reflects the trade-off faced by governments between medical and economic
costs. Less restrictive policies lower the direct economic burden of the pandemic due to an
increase in g at the expense of an increase in medical costs, which enters the estimated costs
through a higher level of Xi¢. Clearly, our estimates of the economic and medical costs of the
pandemic are based on a highly stylized model. For instance, it does not take into account the
possibility of a collapse of the health care system, which would lead to a discontinuous surge
in the death toll (“The benefits and costs of flattening the curve for COVID-19”). Moreover,
the model also abstracts from externalities arising from social distancing, such as increases in
domestic violence or mental health issues. We address some of these issues by checking the
robustness of our results for a wide range of different parameter estimates further below.

Another potential limitation is that increases in voluntary responses and in lockdown
responses affect our cost estimates in the same way. In other words, we do not allow for
the possibility that, on the margin, an increase in the voluntary response yields different
medical and economic implications than an equivalent increase in the lockdown response of the
population. However, this line of reasoning would require that the heterogeneity in responses
differs systematically across demographic and income groups. The available evidence, in turn,
suggests otherwise: For instance, people from lower income groups exhibit both a weaker
voluntary (Brzezinski et al., 2020a)) and a weaker lockdown response (Wright et al., [2020). As
a result, similar heterogeneities for the voluntary and mandatory social distancing map into
similar marginal costs, implying that the additive decomposition is justified at the aggregate
level 26

REsuLTs. Figure [3| plots our results. It shows the total costs, in terms of GDP per capita, of
the total containment response (T) and the counterfactual voluntary response (V) by US state.

As explained above, the total response cost is estimated using the a measured from the data,

25We exclude 5 outlier states, though the estimated m is very similar (13.74) when we retain them.

26Moreover, this issue would only pose a problem for our main results if, on the margin, an increase in the
lockdown response would yield systematically lower health benefits and higher economic costs than an equivalent
increase in the voluntary response.
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while the voluntary response is a counterfactual based on our estimates from section [3} Also
shown are the total and voluntary costs for the GDP-weighted average of all included states
(2019Q4, annualized). Both costs are broken down into economic (red) and medical (blue) costs.
Note that the state-level costs should be interpreted as relative to the GDP per capita of the
state in question, not of the US as a whole.

Panel a) in the figure depicts a stark result. For the overall average, we estimate COVID
to generate costs of around 16.1% of annualized GDP per capita under a laissez-faire scenario
compared to 15.2% if a lockdown is imposed. Taking into account the statistical value of a life,
these estimates increase to 20.9% and 18.1% (see Figure . For all states considered, reducing
the measured containment response to levels consistent with voluntary social distancing would
only marginally decrease the economic costs, while at the same time drastically increasing the
medical costs. This finding is more or less pronounced depending on both the estimated total
containment response « and the estimated voluntary response for each state from Figure [2|
States with a combination of a high estimated containment efficiency and a high estimated
voluntary response, such as Montana and Idaho, barely see a change in either medical or economic
costs when changing to voluntary containment, as they remain close to the respective asymptotic
minimum and maximum of both cost cost categories.?” On the other hand, states with a
combination of low estimated containment efficiency and low estimated voluntary response, such
as New York and Massachusetts, see a stronger change in both cost categories when moving to
voluntary response, with the increase in medical costs outweighing the decrease in economic
costs.

The reason why the model predicts that voluntary social distancing will lead to higher overall
costs becomes evident by considering Figure [B.2]in the Appendix, which shows how total costs
change with an increase in control strength . The model implies a trade-off between medical
and economic costs as a gets higher. While the former fall with a stronger reaction strength,
the latter increase. Initially, for low values of «, an increase in its value rapidly generates higher
economic costs, causing larger estimates of total costs. However, once « is sufficiently high,
further increases in the control strength will generate smaller marginal increases in economic
costs, which are easily offset by the medical benefits. This means that the economic costs are
approximately concave in a. Following this logic, for a range of values for the control strength
there are two strategies that yield the same costs: either a weak response that implies small
economic and large medical costs, or a strong response that generates small medical and larger
economic costs. For all the states in our sample, we estimate that the strong responses result in

lower overall costs.

ROBUSTNESS. The previous section has concluded that lockdown strategies yield lower economic

costs than strategies that rely on voluntary responses. We corroborate this finding by performing

2"Note that the Figure actually shows a slight decrease in total costs for ID, MT and NV, which is due to
numerical inaccuracies and discontinuities in the cost function.
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a series of robustness checks, showing that our conclusion holds for a large set of different model
parametrizations and estimation approaches. These robustness checks are described in detail in
section [D] First, we consider the robustness of our baseline DiD results by pursuing a staggered
event-study approach. As pointed out in Abraham and Sun (2018)) and Goodman-Bacon (2018)),
heterogeneous treatment effects over time may induce bias in the ‘stacked” DiD approach in
section 3] Yet, the results presented in section [D]in the Appendix indicate that such heterogeneity
is rather limited and there is no significant pre-trend prior to the treatments of interest. In
addition, the estimated coefficients are very close to our baseline results.

Second, we show that our main conclusion would still hold for estimates that differ consid-
erably from our baseline, by considering the sufficient conditions under which lockdowns are
the most cost-effective strategy. For this purpose, we take the model calibration of our SIR
model and show the range of alternative estimates of the combined response strength and of the
relative magnitude of the voluntary response for which our conclusions would still hold.

Third, we assess the robustness of our results to different estimates of the cost parameter m.
Importantly, higher estimates for m increase the economic costs for any given level of social
distancing. As higher economic costs render no-lockdown strategies more favorable, differences
in m may modify our main conclusion. However, Figure supports the robustness of our
results with respect to variations in m: starting from a baseline value of 0.28, a small increase in
the parameter would lead the first two states to prefer a no-lockdown strategy, while even under
unreasonably high elasticities, it would still be efficient for most states to impose a lockdown.
Lastly, we emphasize that our results are not merely artifacts of the model. As we show in
Figure [D.3] different combinations of o and m can indeed generate lower overall costs under
the voluntary scenario. However, our estimates paired with any realistic parametrization of
the C-SIR model support the view that lockdowns have been the efficient strategy during the
COVID pandemic.

— [ insert Figure |3 here | —
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5 Conclusion

Lockdown policies are an important tool for policymakers to combat the spread of COVID-19.
Nonetheless, several governments across the world have been reluctant to adopt such policies,
fearing that their economic costs outweigh their medical benefits. In contrast to this view, this
paper argues that the costs of staying open outweigh the benefits. This is because individuals
engage in substantial voluntary social distancing even in the absence of lockdowns, once the
virus takes hold in their area. Hence, substantial economic costs are unavoidable, even when not
locking down. At the same time, we show that lockdowns lead to a significant uptake in social
distancing over and above any voluntary response. While large economic costs materialize in any
event, such additional social distancing still plays an important role in further reducing medical
costs by flattening the curve. Indeed, for our estimates of the voluntary and mandated social
distancing responses, all US states that imposed a lockdown would have incurred larger overall
costs had they stayed open. This suggests that the observed reluctance of some governments to
lock down was unwarranted insofar as it was guided by a concern over the economic costs of
such a policy.

Our study is subject to several caveats. First, the cost estimates presented are simulated
for the trajectory of a large-scale pandemic for which test and trace strategies are not feasible.
This implies that our results may not apply to other diseases and should not be interpreted as a
justification for lockdowns in all contexts. Second, note that we only allow for variations in the
strength of the response—and not, for example, in its speed—while assuming that containment
remains operative until the number of infectious people drops below a certain threshold. Third,
we do not specifically take into account possible externalities on outcomes such as mental health
(Brodeur et al., 2020; Rossi et al., 2020; Twenge and Joiner, [2020) or inequality (Adams-Prassl
et al., 2020; Alon et al., [2020; Bell et al., 2020; Galasso, 2020). Fourth, while we hope our
results can guide the response to possible future waves of COVID-19, such extrapolation should
be done with caution and with consideration of the fraction of the population infected in the
first wave.?® Finally, our model does not preclude the possibility that well-targeted partial
lockdowns that take into account regional and demographic heterogeneity can achieve similar
reductions in medical costs, at lower economic costs.?? Our central contribution is to show that,
even in the extreme case of an across-the-board lockdown, such a measure in all likelihood fares

better than a laissez-fare approach.

28Indeed, non-linear dynamic systems such as the C-SIR model are highly sensitive to initial conditions.

29Due to the skewed distribution of virus transmission (Endo et al., 2020; Riou and Althaus, 2020; Sneppen
and Simonsen, [2020)) and the importance of ‘superspreader’ events, local and quick measures may indeed be best
suited for mitigating the spread of COVID (see e.g. Bonardi et al., [2020 or here.
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Figure 1: Contagion, Lockdown Policies and Social Distancing , Feb-Apr 2020
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Note: The black solid (connected) line shows the percentage of states with at least one confirmed case (death).
The spikes indicate the percentage of states that have shelter-in-place orders. The green dashed line depicts
the growth rate of the median percentage of devices that stayed home over all counties, smoothed with a
moving-average of length 7 to eliminate weekly patterns. Baseline period is February 2020.

16



Figure 2: Voluntary Response, by State
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Note: The figure plots the cumulative change in the percentage of devices that stay completely at home following
the first case in a county (parameter § from Equation . Parameter estimates and confidence intervals come
from separate regressions for each state, while the overall effect (horizontal line) comes from a country-wide
regression. Blue (red) lines correspond to Democratic (Republican) states as per the 2016 presidential election;
dashed lines indicate parameters that are insignificant at p < 0.05. The sample is balanced on county and date,
where we cut the sample for each state two weeks after the state-wide shelter-in-place. 95% confidence intervals
are based on standard errors double-clustered by county and date, as recommended in Brzezinski et al. .
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Table 1: US-Wide Voluntary and Lockdown Responses

Dependent Variable: Percent at Home

Voluntary Response Lockdown Response

Coefficient 0.0128%*** 0.0132%***
(0.00428) (0.00488)
Date FE X X
County FE X X
County-Level Controls Eq. Eq.
Observations 352,560 300,690
R-squared 0.782 0.841

Note: The table shows US-wide regression results for 5 and € from Equations|l|and |2|in
Columns 1 and 2, respectively. Standard errors are double-clustered by county and date,
as recommended in Brzezinski et al. (2020c). Full results shown in Appendix Table
R p < 0.01, ¥ p<0.05, * p<0.1.
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Figure 3: Results From Controlled SIR Model

(a) Costs of Voluntary and Total Social Distancing by State, Without Value of Life
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(b) Intensities of Voluntary Social Distancing That Incur Same Cost as Lockdown,
Plus Costs for Each, for Various Lockdown Strengths
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I Panel a): estimated costs under voluntary social distancing (V) compared to total social distancing (T)—which includes
voluntary (V) and lockdown-induced reductions (L) in movement. Estimated costs for (T) are based on simulations of the discretized
C-SIR model using the a and pg estimates reported in Table Costs for (V) are re-estimated with « scaled by the estimated
ratio V/(V 4+ L) = V/T. Estimates of responses V and L are those reported in Flgure and Tablel Costs are in terms of GDP per
capita. Costs are broken down into economic (red) and medical (blue, without value of life), see Equa‘mon@ Avg. serves as a proxy
for the US overall and refers to the weighted average of the states in the sample, weighted by state-level GDP in Q4:2019 measured
in current prices. NB the small decrease in total costs for ID, MT, NV is due to numerical inaccuracies and discontinuities in the
cost function.

2 Panel b): Black line: gives, for each control strength a on the x-axis, the corresponding lower a on the y-axis that would incur
the same costs, i.e. the maximal corresponding level of voluntary social distancing that could obtain without incurring higher costs
than full lockdown. Estimates are from C-SIR model simulations with pg=3. Bars: give the total (saturated color) and voluntary
(transparent color) costs as % of GDP p.c. incurred by the total control strength o given on the x-axis and the corresponding
(given by black line) voluntary response strength a on the right y-axis. Costs are broken down into economic (red) and medical
(blue).
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A Tables

Table A.1: Model Parameters

Parameter Description Value

k Proportionality factor linking X¢o+ and medical costs C)pedicar; including cost  0.305

of value of lifes

k Proportionality factor linking X¢o+ and medical costs Cy,edical; €xcluding cost  0.14

of value of lifes

m Proportionality factor linking social distancing and social costs Cgocial 0.28
Iy Starting value for share of infected I 2x107°
Imin Share of infected in a population I that can be controlled by testing and 1075

tracing without the need for imposing large-scale lockdown policies

Note: The table provides a summary of the parameters used for the model in section {4} including the descriptions and
the values obtained from Gros et al. (2020).

Table A.2: Controlled SIR Estimates

State « 90 £0 CEI

NM 426 1.085  2.96 0.975
PA 44.7 1.117  3.055 0.976
LA 56.1 1.193  3.296 0.979
ME  48.7 1.055 2872 0.979
OH 659 1.097 2996 0.984
NV 695 1.087  2.967  0.985
WA 995 1.114  3.047  0.989
SD 164.2  1.241 3.458 0.992
US 168.5 1.202 3.326 0.993
VT 307 1.221  3.391  0.996
ID 530.1  1.282 3.604 0.998
MT 12256 1.251 3.495 0.999

State « 90 00 CEI

NJ 122 1.114 3.047 0.916
NY 13.2 1.129 3.094 0.921
IL 13.5 1.079 2943 0.926
MA  14.8 1.109 3.031 0.93

DE 15.8 1.089 2.971 0.935
CT 20.7 1.118 3.058 0.949
VA 25.1 1.077 2937 0.959
AL 28.1 1.062 2.892 0.964
IN 359 1.091 2.976 0971
CcO 372 1.085 296 0972
NH 37.7 1.074 2926 0.972
MI 42.1 1.114 3.047 0.974

Note: The table shows the parameter estimates for the controlled SIR model by state. Parameters
a and gg are obtained from Equation [0} estimated by weighted least squares with weights I;. Data
obtained from the New York Times, where X; is the cumulative confirmed cases and I; the daily
new cases. We also calculate the discretized bi-weekly reproduction number py = exp(gp) and the
containment efficiency index CEI = a/(go + ), CEI € [0, 1], following Gros et al. (2020)).
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Table A.3: Full Regression Results, With Spillovers

Dependent Variable: Percent at Home

Voluntary Response Lockdown Response

Policies
First Case 0.0128%**
(0.00428)
State Lockdown -0.00374 0.0132%**
(0.00638) (0.00488)
State Lockdown x First Case 0.0126***
(0.00469)
County Business Closure 0.0140 -0.00106
(0.0147) (0.00990)
School Closure 0.000575 -0.00162
(0.00221) (0.00404)
SOE -0.0539%** 0.00126
(0.0139) (0.00132)
County SOE 0.00614*** 0.00287
(0.00215) (0.00183)
Spillovers
Geo Adj Business 0.0134%%*
(0.00213)
Geo Adj School 0.00103
(0.00560)
Geo Adj Shltr 0.00445
(0.00708)
COVID-19 Spread
State Cases 7.40e-07*** 4.79e-07H**
(1.70e-07) (1.63e-07)
State Deaths -6.82e-06*** -4.92e-06**
(2.15¢-06) (2.15¢-06)
Date FE X X
County FE X X
Observations 346,560 78,588
R-squared 0.793 0.858

Note: The table shows US-wide regression results from Equations |lf and [2[in Columns 1 and 2,
respectively. The policy variables refer to dummy variables equal to 1 if the policy is in place
or if the first case has occurred, respectively. Spillovers are modelled by using the geographic
weighting approch described in section [3] Covid-19 cases and deaths are included in levels. Both
regressions also include date and country fixed effects. Standard errors double-clustered by
county and date as recommended in Brzezinski et al. (2020c)).

*Ex p <0.01, ** p<0.05, * p<0.1.
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B Figures

Figure B.1: Data Collapse for XI Representation, US States
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Note: Figures shows data collapse of Equation |5 to near-universal inverted parabola, obtained by rescaling by
Xpeak and Ipeqy, as calculated from o and & for each state. As in Gros et al. (2020, Fig.1), but for 23 US states.

Figure B.2: Costs As A Function of Control Strength «
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Note: Reproduction of Gros et al. l Fig.5) Costs are in terms of GDP per capita. Total costs (black line)
are defined as Ctotal = ¢econ 4 gmedical - Feonomic costs (red line) are calculated as C®°% =X~ . 0.25[1 —
p/po] x 2/52, while medical costs (blue line) are calculated as C™edical = (.14 X, which excludes the estimated
statistical value of a life.
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Figure B.3: Costs of Voluntary and Total Social Distancing by State, With Value of Life

Included
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Note: The figure shows the estimated costs under the voluntary social distancing scenario (V) compared to
total social distancing (T), which includes voluntary (V) and lockdown-induced reductions (L) in movement.
The estimated total costs for (T) are based on simulations of the discretized C-SIR model using the a and
po estimates reported in Table The costs for (V) are re-estimated with « scaled by the estimated ratio
V/(V+L)=V/T. Estimates of the social distancing response V and L are those reported in Figure [2|and Table
Costs are in terms of GDP per capita. Costs for both (V) and (T) are broken down into their economic and
medical components. Economic costs are calculated as C°°°" =X~ . 0.2804[1 — p/po] x 2/52, while medical
costs are calculated as C™edical — ().305X.¢, which is based on Gros et al. and includes the estimated
statistical value of a life. Avg. serves as a proxy for the US overall and refers to the weighted average of the
states in the sample, weighted by state-level GDP in Q4:2019 measured in current prices.
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C Specification of the C-SIR Model

SHORT VS. LONG-TERM CONTROL. The controlled SIR model offers two different variants: In
the first one, long-term control, policymakers and individuals react to the cumulative number
of cases, while in the second one, short-term control, their actions only depend on the current
number of infections. For the case of long-term control, starting from equation [4] and taking
logs yields

In(g) =In(go) —In(1 + aX), (C.1)

and equivalently in the case of short-term control:
In(g) =In(go) —In(1 + o). (C.2)

For each state, g is constant by definition and « is assumed to remain constant over the course
of the pandemic. Therefore, one may expect a linear relationship between In(g) and In(X) or
In(X), respectively. We check this assumption by plotting the residuals of these variables from
regressions on state fixed effects in figure [C.I] Both the cumulative and the daily case numbers
exhibit a clear negative correlation with the reproduction rate, with R? of 0.91 and 0.83. This
is intuitive as both variables are very closely related during the first wave of the pandemic,
on which we focus in this paper. Due to the better tractability of the model under long-term

control and the higher explanatory power of X, we opt for using the cumulative case numbers.

Figure C.1: Daily Cases I, Cumulative Cases X and R;

(a) Short-Term Control (b) Long-Term Control

® o¢ 1]
® 0co0e0s ¢

1y | R-Squared = 0.8331 n | R-Squared = 0.9084

-10 5 0 5 -10 5 0 5
log (T) log (X)

Note: The figure plots the reproduction rate R; against the number of daily cases I (Panel (a)) and the cumulative number of cases
X (Panel (b)). All three variables refer to residuals from regressions on state fixed-effects. The sample starts with the occurrence
of the first case in each state, as R; cannot be computed before this point, and ends on April 23.

EcoNoMIC cOST PARAMETER m. The cost parameter m links social distancing and economic
costs. We estimate m from the weekly average unemployment rate across US states and the

reduction state-level reproduction rate. The unemployment rate has been retrieved from the
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United States Department of Labor, while we estimate the reproduction rate using a modified
version of the algorithm of Bettencourt and Ribeiro (2008), and express it with respect to the
basic reproduction number Ry = 3 taken from the literature (Liu et al., 2020).3° This gives an
estimate of the relationship between the change in the unemployment rate and the change in the
reproduction rate of m,, = 0.1262. From there, we obtain the relationship between regional GDP
and the reproduction rate as m = m,, x 2.22 = 0.2804, using an estimate of Okun’s coefficient for
the US (Ball et al., 2013). In the next section, we perform a series of robustness checks across
different values of m to validate our results.

Our baseline estimate of 0.28 is close to the estimate Gros et al. (2020)) use based on China’s
experience (0.25). One would expect that when a larger share of GDP is consumed domestically
(low openness to trade), a drop in domestic demand corresponding to a decrease in R; leads
to a higher drop in GDP. In that light, it makes sense that the US’s estimate is close to, but
slightly larger than, China’s. Note that the economic costs estimated in this way will include
local general equilibrium as well as partial equilibrium effects. The local unemployment rate
might, in addition, be affected by cross-state and international general equilibrium effects. Yet,
insofar as these should not be systematically related with the local reproduction rate, such
effects should only act by shifting the intercept, while not affecting the slope of the line in Figure
[C.2] Lastly, note that since the US pandemic was in effect marked by several semi-distinct
regional outbreaks, it makes sense to study the relation between R; and economic output at a

regional level.

30As time progresses and more economic data becomes available, it will be possible to estimate m more
precisely. Already, however, our robustness exercises in Section [D] suggests that our results hold for a wide range
of credible parametrizations of m.
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Figure C.2: AR; Vs. A Unemployment, Feb-April 2020, US States
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Note: % change in insured unemployment rate and the effective reproduction number Ry, as measured in the
week of April 18, 2020. A unemployment rate is the change with respect to February 2020, as measured by the
US Department of Labor. ARy is the change in Ry, as estimated using a modified version of Bettencourt and
Ribeiro , with respect to the baseline reproduction number Rg = 3 (Liu et al., [2020)).
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D Robustness

ROBUSTNESS OF DID ESTIMATES FOR VOLUNTARY RESPONSES. The estimates presented in
Figure [2| are based on a so-called ‘stacked” DiD design. As shown in Goodman-Bacon (2018) and
Abraham and Sun (2018)), this estimand averages over heterogeneous treatment effects and is
biased if these effects vary over time. To assess the robustness of our results we therefore apply
an event-study approach where we estimate the effect separately for each day after the first case
or policy implementation date. This strategy is recommended in Goodman-Bacon and Marcus
(2020) in order to check for potential biases that may arise from the dynamic evolution of effects
over time. Lockdown responses have been estimated in this way by a number of papers in the
literature (Brzezinski et al., 2020a; Painter and Qiu, |2020; Wright et al., [2020). For our baseline
specification, however, we do not opt for this approach since the cost calculations presented in
section [ require time-invariant estimates.

To study the dynamic response of social distancing to first local cases, we estimate the

following equation:

10
pctiji =i+ 0+ CLockjs+ > (BsCitors +7sCitgrs X Lock;povs) + yig + Eit,
5=—9

with s 2 —1 (D.1)

where all the variables are as in Equation , except that the indicator First;; is replaced by
the set of dummies Cj ;4. These are centered around the time period Zo that refers to the first
county-level COVID case, and are equal to 1 at time o+ & if the first case is k days away and
0 otherwise. For all ¢ where it holds that ¢ <ty —10 and ¢ > g+ 10, we include two binning
dummies that equal 1 when these respective conditions hold and 0 otherwise. S_g to S_2 serve
as placebo checks for the common trends assumption. As pointed out by Borusyak and Jaravel
(2017), fully dynamic event studies with two-way fixed effects suffer from an underidentification
problem, in that at least two restrictions are required to pin down a constant and a linear term.
Thus, we follow the authors in omitting the two most disparate placebo checks as reference
periods, namely -10 and -1, to improve the stability of the results.

Panel a) in Figure shows the resulting estimates for the voluntary respons, which are
very close to the baseline estimates presented in Table[I] One day after the first case, there is a
0.9 percentage point increase in the number of devices that stay completely at home, which
increases slightly during the following days. Compared to a base-level of 25% in February, this
amounts to a 3.6% increase. This estimate is very similar to the one in the main specification.
Moreover, across almost all dates after the treatment date considered, our baseline estimates in
section [3] lie within the 95% confidence interval of the event-study estimates. Concerning the
pre-trends, we do not detect any significant chances prior to the first local cases, indicating that

we sufficiently control for the previous dynamics in order to attribute a causal interpretation to
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the result. Finally, the limited time heterogeneity in the treatment effects suggests that the
stacked DiD estimates are not strongly affected by this potential source of bias.

Note that our definition of voluntary responses as the event-study estimates around the
occurrence of first local cases is very narrow. Alternatively, one could for instance view the
country-wide trend in absence of lockdowns a behavioral change which is not induced by policies
and hence voluntary. These estimates, presented in Farboodi et al. (2020), among others, are

a much larger than the results shown here, strongly reinforcing the overall conclusion of this

paper.

ROBUSTNESS OF DID ESTIMATES FOR LOCKDOWN RESPONSE. For the case of the lockdown
response, we pursue an equivalent event-study strategy to evaluate the bias arising from
heterogeneous treatment effects over time. This approach closely follows a number of papers in
the literature (Brzezinski et al., 2020aj; Painter and Qiu, 2020; Wright et al., [2020). In particular,

we estimate the following equation:

10
pcti jt = o+ 0 +dayssince; 4 + Z 0s Pj to+s+ CD%EO + Wyt + Ui,
5=-9

with s # -1 (D.2)

where all the variables are defined as in the main specification, except that Pj ; 4 is a dummy
variable centered around the state-wide shelter-in-place policy implementation date tg which is
equal to 1 at time tg+ &k and 0 otherwise. As before, k does not take the value -1, and we bin
periods larger than tg— 10 and g+ 10.

Panel b) in Figure shows the results. The introduction of shelter-in-place policies leads
to a 2.2 percentage points increase in the devices that stay completely at home one day after
the implementation. As before, the estimated coefficients are reasonably close to those from the
baseline specification, while time heterogeneity is fairly limited. The pre-trend is not significantly
different from zero, providing evidence that we sufficiently control for increased social distancing

before the enactment of the shelter-in-place policy.
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Figure D.1: Staggered DiD estimates

(a) Voluntary Response, Event-Study Design
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I Panel a): Event-study approach for the Voluntary Response showing estimates from 10 days before to 10 days after the first
local case. Reference periods are -10 and -1. Periods > 10 and < —10 are absorbed by ‘bin’ dummies. Vertical lines indicate 95%
confidence intervals.

2 Panel b): Event-study approach for the Lockdown Response showing estimates from 10 days before to 10 days after a lockdown.
Reference periods are -10 and -1. Periods > 10 and < —10 are absorbed by ‘bin’ dummies. Vertical lines indicate 95% confidence

intervals.

ROBUSTNESS TO DIFFERENT RESPONSE ESTIMATES (o, ay, ;). To consider the robustness
of our results to different estimates of the voluntary versus lockdown responses obtained in
sections panel b) of Figure 3| further elaborates on the trade-off between higher economic
costs and lower medical costs. The black line shows, for each response strength o € (x-axis),

the corresponding lower « € (right y-axis) that generates the same amount of total costs (as
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indicated in Figure .31 Thus, the black line links the two strategies that yield the same
economic costs: a lockdown strategy that relies on diminishing medical costs at the expense of
higher economic costs (x-axis), and the corresponding voluntary strategy that would yield the
same costs by alleviating pressures on the economy at the cost of higher medical costs (y-axis).
Due to the (approximate) concavity of total costs in « in this range, the more intensive the
lockdown strategy, the less intensive the corresponding voluntary strategy required to generate
the same level of costs. The reason for this is further elaborated by the bars in the figure, which
show the cost decomposition for the lockdown strategy (saturated color) and voluntary strategy
(transparent color) for each «: the former relies on low medical costs and the latter on low
economic costs.

Thus, there are two necessary conditions for a voluntary strategy to yield lower costs than a
lockdown strategy: First, a needs to be lower than around 36, as a value of above 36 yields lower
costs that cannot be replicated by any a below. Second, the voluntary response needs to be
sufficiently weak such that the economic costs are indeed kept at low levels when no lockdown
is imposed. The latter condition implies that the counterfactual control strength o that would
apply under no lockdown has to be at or below the black line of Panel b) in Figure

These two conditions are very unlikely to be jointly satisfied. First, around two thirds of the
states lie above the critical threshold of 36, implying that for these states no voluntary strategy
can yield lower total costs—regardless of the precise ratio of voluntary to lockdown response.
In this case, lockdown measures are always the most cost-effective solution. Second, even if
some estimates are below 36, it is unlikely that the counterfactual voluntary responses would be
sufficiently muted to generate lower costs than a lockdown strategy. For the most part, this
would require very low levels of voluntary social distancing that do not come close to our results
from section [3, combined with unrealistically low levels of « that are far from our lower bound
estimates. For instance, even an « of 10-—substantially lower than our lowest estimate—would
require for the voluntary response to be at most at o = 1.5, or less than 15% of the total control
strength. This is unlikely according to our results in section [3} Even for the lowest significant
point estimate for the voluntary effect obtained from our sample (Massachusetts), the size of the
voluntary response is as large as 50% of the combined response, as the voluntary and lockdown
response are approximately equal.

Two conclusions about the robustness of our results emerge from this discussion. First, since
most of our estimates of the total control strength all lie above 36 (see Table[A 1)), the benefits of
a lockdown always outweigh the costs for most of the states we consider. Thus, our main finding
is not dependent on the precise magnitude of the estimates in section [3} Second, we show that,
even for those states that have a very low estimated lockdown effectiveness, it is highly unlikely
that an approach that relies on voluntary social distancing would yield lower total costs than a

lockdown strategy. This is because one would require implausibly low counterfactual voluntary

31Note that the relevant range for the figure is o € [3,36], since below 3 and above 36 there is no lower « that
would lead to the same total costs.
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responses, combined with a very ineffective lockdown response, for the voluntary scenario to be

more efficient.

ROBUSTNESS TO DIFFERENT ECONOMIC COST ESTIMATES (m). We now consider how changing
the baseline economic cost estimates m would affect our conclusion that lockdown responses
generate lower total costs. Higher estimates of m could in theory change our conclusion, as they
would change the trade-off between economic and medical costs: for any given level of social
distancing, the economic costs would be more substantial, making a voluntary strategy more
attractive.

Figure shows how many of the states we consider would experience lower total costs
from a voluntary response than from a lockdown, for different estimates of m. As discussed in
section [d] for our baseline estimate of 0.28, no state would fare better under a voluntary strategy.
Yet, under slightly larger value of m the first two states would perform better under a voluntary
strategy. Note that even at an estimate of 0.7, we would estimate only twelve states to perform
better under a voluntary response. This estimate, however, is unreasonably high: it would imply
that a change in the reproduction number of a factor of 10 would decrease GDP per capita by
70%. Since the reproduction numbers empirically changed by a factor between 8-10, this would
thus imply an economic cost of more than 50% of GDP. Even at such unreasonable estimates,
however, the vast majority of states in our sample would be better off with a lockdown strategy,

given the magnitudes of their estimated voluntary response.

Figure D.2: Number of States for which Estimated Voluntary Costs are Lower than Lockdown
Costs, by m

14

12+ —

10 .

# of States

0 | | |
0.2 0.3 0.4 0.5 0.6 0.7
Social Distancing Cost Parameter m

Note: The figure shows, for increasing cost parameter m, how many states could have ‘empirically’ attained
a break-even between voluntary and lockdown response for their estimated control strength «. The empirical

break-even point here corresponds to the estimated state-specific voluntary responses from Figure

It is important to note that the model very much allows for the possibility that, in theory,

the voluntary response can lead to smaller costs. Thus, the finding that lockdowns generate
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smaller costs is not simply a foregone conclusion that trivially follows from our SIR specification.
Figure further elaborates on this point by looking at the necessary estimates of m under
which it would be theoretically possible that the voluntary response generates lower costs, given
the overall o parameters estimated for our sample of states. In other words, the figure considers
the counterfactual situation where the voluntary response would have been close to zero for
different cost parameter estimates. In general, already at a parameter of m = 0.3 it could be
possible for half of the states to have lower costs under a voluntary regime, if people barely
responded independently to the spread of the virus. However, our estimates of the relative
strength of the voluntary responses and lockdown responses found in section [3] combined with
any reasonable parametrization of our SIR model suggest that lockdown responses most likely

generate lower total costs than voluntary responses across all US states in our sample.
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Figure D.3: Number of States That Could Theoretically Break Even, by m

(a) Number of States
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1 Panel a): Shows, for increasing cost parameter m, how many states could have ‘theoretically’ attained a break-even between
voluntary and lockdown response for their estimated lockdown control strength . The theoretical break-even point here corresponds
to the absence of any voluntary response, i.e. & =0. Obtained from simulations of C-SIR model, as in Figure [

2 Panel b): Plots corresponding ‘threshold control strength’ o.. Lockdown responses equivalent to any o’ higher than this threshold

are always better than no response at the given cost parameter m.
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