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Social distancing and supply 
disruptions in a pandemic1

Martin Bodenstein,2 Giancarlo Corsetti3 and Luca Guerrieri4
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Drastic public health measures such as social distancing or lockdowns can 
reduce the loss of human life by keeping the number of infected individuals 
from exceeding the capacity of the health care system but are often criticized 
because of the social and economic costs they entail. We question this view 
by combining an epidemiological model, calibrated to capture the spread 
of the COVID-19 virus, with a multisector model, designed to capture key 
characteristics of the U.S. Input Output Tables. Our two-sector model features 
a core sector that produces intermediate inputs not easily replaced by inputs 
from the other sector, subject to minimum-scale requirements. We show that, 
by affecting workers in this core sector, the high peak of an infection not 
mitigated by social distancing may cause very large upfront economic costs 
in terms of output, consumption and investment. Social distancing measures 
can reduce these costs, especially if skewed towards non-core industries and 
occupations with tasks that can be performed from home, helping to smooth 
the surge in infections among workers in the core sector.

1 The views expressed in this paper are solely the responsibility of the authors and should not be interpreted as 
reflecting the views of the Board of Governors of the Federal Reserve System or of any other person associated 
with the Federal Reserve System. We thank Jason Brown and Zeina Hasna for useful suggestions. Giancarlo 
Corsetti gratefully acknowledges support from Cambridge-INET.

2 Chief, Global Modeling Studies, Board of Governors of the Federal Reserve System. 
3 Professor of Macroeconomics, Cambridge University and CEPR Research Fellow.
4 Economist, Board of Governors of the Federal Reserve System.
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1 Introduction

By the end of March 2020, nearly four months after the first detection of significant coronavirus

infections in China, most advanced economies have adopted measures restricting people’s move-

ments and activity on their territory, introduced tough controls at their borders, and mandated

norms implementing social distancing. If only with some delay, governments have now converged

on the idea that some restrictions are required to reduce the human cost of the disease.

The main motivation for public health measures that range from laxer social distancing to

lockdowns is that our health care systems are capacity-constrained, and the stress of a surge

in the number of infected people will cause mortality rates to rise steeply.1 Among the many

excellent papers articulating this point, Eichenbaum, Rebelo, and Trabandt (2020) shows that,

if mortality rates were independent of the number of infected people, the “optimal” lockdown

would be gradual and modulated to the spread of the disease. The optimal lockdown is front-

loaded otherwise. Moreover, they show that, because of the spillovers of individual health

safety decision, mandated measures are desirable even if households take consumption and labor

supply decisions trading off economic benefits with the risk of contagion. In the same vein,

Jones, Philippon, and Venkateswaran (2020) clarifies that a social planner would worry about

two externalities, an infection externality and a healthcare congestion externality. Because of

these externalities, the incentives for private agents to undertake action that could mitigate

contagion are too weak from a social perspectives—motivating public interventions. In the

presence of a constraint the health care sector, Alvarez, Argente, and Lippi (2020) shows that

strong measures, which would be especially effective if implemented very early, remain optimal

even at an advanced stage of diffusion of the disease. Despite the uncertainty surrounding the

parameters driving the dynamic of the disease, discussed by, e.g., Atkeson (2020b), these results

appear to be quite robust.2

We consider a different, complementary argument. Without some form of public health

restrictions, the random spread of the disease may end up hitting industries and parts of the

economy that, directly and indirectly, provide essential inputs to production and/or are essential

1 A complementary argument from the medical profession is that understanding the effects of a new virus may
take some time. It may be advisable to slow down the spread the disease to let medical and pharmaceutical
research advance.

2 The economic literature on the economic effects of the COVID-19 pandemic is growing very fast. A partial
list of recent contributions includes Alfaro, Chari, Greenland, and Schott (2020),Baker, Bloom, Davis, Kost,
Sammon, and Viratyosin (2020), Guerrieri, Lorenzoni, Straub, and Werning (2020), and Koren and Petó (2020).
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for the economy to run. By incapacitating industries in this “core sector,” an unchecked spread

of the disease would result in a steep fall in economic activity. While it may be difficult to identify

precisely which specific industries and activities produce essential inputs and services and hence

should be included in the core sector, there are some natural choices: distribution services,

transportation, sanitation, energy supply, health care services, and food.3 With this list, even if

only as a working hypothesis, we can use a macroeconomic model to quantify the implications

of a pandemic for overall economic activity, when the disease impairs the core industries. We

argue that, in this case, the economic recession can be greatly amplified, because, first, the

output of the core sector is not easily substitutable, and, second, the production processes in

many industries in this sector may be subject to a minimum-scale requirement for labor—i.e.,

they require a sufficient numer of specialized and not easily substitutable employees to show up

for work.

There are at least two key policy-relevant questions related to our argument. The first is

whether and how differentiating public health restrictions by sector and occupational tasks could

reduce the economic cost. As our baseline, we consider social distancing measures that in each

sector require individuals who can continue working from home to do so, and be subject to a

lockdown. This lockdown is extended to the non-working-age population in the same proportion

as for the overall population. Combined, based on survey evidence for the United States, these

measures would affect about one-third of the population. To avoid a resurgence of the epidemic,

the policy would need to stay in place for 8 months. Using our model, we show how these

restrictions can smooth out the trough in economic activity, as reduced contacts between the

workers in the core sector and the rest of the population also smooth out the share of infected

workers in the core sector. Intuitively, social distancing has an “infection externality”: it helps

shield the core sector from surges in infection that could disproportionally reduce its output—

thus undermining activity in the economy as a whole. Over time, with social distancing in place,

workers in both the core and the non-core sectors are infected and develop immunity, but at a

lower speed than without health measures, so that, at a later stage, the risk of a sharp reduction

in activity due to shortage or disruption of core services remains contained. As a caveat, we

should note that the peak of the infection implied by our baseline calibration would still well

3 For an analysis of production structures and core sectors, see Carvalho (2014) and Carvalho and Tah-
baz-Salehi (2018). Barrot, Grassi, and Sauvagnat (2020) offers a sectoral analysis of the effect of the COVID-19
pandemic.
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exceed the capacity of health care systems to deal with the critically ill.

The second question concerns possibly consequential trade-offs between the length and the

coverage of public health measures within and across sectors. According to our argument,

smoothing the fall in economic activity requires pursuing a fine balance between avoiding sup-

ply shortages and allowing workers to acquire immunity. Strict and prolonged lockdowns do

reduce the peak of the infection, but also tend to delay immunity, while constraining produc-

tion. Moreover, absent a medical breakthrough on vaccination or treatment, lifting a strict

lockdown may result in a reactivation of the epidemic. The dynamic of the epidemic when

strict measures are relaxed may simply delay the economic damage from a sharp rise in in the

number of infected people—which could be expected to occur after a lengthy period in which

policy already keeps economic activity at a very low level.4 We attempt to offer some ballpark

estimates of the economic costs of waiting for a vaccine. If the wait lasted 18 months, at one

end of the range, our calculations point to no reduction in labor supply, and hence no change in

economic activity in our model, and at the other end of the range, costs as high as 40 percent

of GDP for the duration of the wait. The wide range reflects that uncertainty from our imper-

fect understanding of the working of a complex economic system is compounded by uncertainty

about basic characteristics of the disease.

To carry out our analysis, we develop a stylized “integrated assessment model for infectious

diseases.”5 By combining a simple deterministic epidemiological model with a two-sector growth

model our framework provides a map from the intensity of social distancing into the disease

spread and the number of people able to work and, via this channel, into economic activity. The

question we want to address is how much output can potentially be lost (via the mechanism

we model in our paper) by letting the disease spread to its natural intensity, as opposed to

trying to slow it down via social distancing. The epidemiological model tracks the progression

of the infection across workers who provide labor inputs to the two production sectors. For

our economic model, labor supply is exogenously driven by the epidemiological model. The

labor supply, in turn, is reduced by the spread of the infection, as the symptomatic infective

individuals cannot work, and by the social distancing measures put in place.

4 In this respect, our pessimistic scenario is in line with the conclusions by Atkeson (2020a).
5 We deliberately borrow the term “integrated assessment model” from the literature on climate change to

emphasize the importance of linking economics to phenomena that are relevant for the well-being of humankind
but that are outside the traditional focus of the economics profession. As in the case of climate change policies,
public health policies may have consequences for economic activity that can influence the choices of policymakers.
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In our framework, the infectious disease affects economic activity directly and indirectly:

directly, through its negative impact on the labor force, as symptomatic infected workers become

unable to work; and indirectly, as a contraction in the output of the core sector has nonlinear

effects on aggregate activity. The epidemiological and economic models are also linked through

health policy measures.6 Absent effective pharmacological instruments, isolating people through

social distancing is the main tool of slowing the spread of the disease. Yet, such measures

may come at direct economic costs if they result in a reduction of the number of workers,

inefficient work arrangements and/or outright shut-downs of production facilities. Labor supply

and productivity fall, causing total output to fall.

The key features of our model are as follows. For the epidemiological block of our framework,

we expand the standard susceptible-infective-removed (SIR) model with a homogeneous popu-

lation to a setting with multiple groups to account for the heterogeneous roles that individuals

play in the economic production process.7 This setup gives us the flexibility to allow different

lockdown coverage across groups, by sector and occupational task.

In the economic block of our framework, we assume a low degree of substitutability between

core and non-core inputs in producing final output goods, as well as a realistically low degree

of worker mobility across sectors (i.e., we set intersectoral mobility to zero). Most crucially,

we posit that work in the core sector is subject to a minimum-scale requirement. This scale

requirement captures the idea that technology in the industries in this sector is such that workers

need to operate as members of a team. Close to the minimum scale, output falls more than

proportionally to the labor input, reflecting that replacing team members with specialized skills

could become more difficult. In addition, we allow for endogenous capacity utilization and put

a lower bound on disinvestment, implying that accumulated capital cannot be consumed.

The key transmission channel between our epidemiological and our economic model is the

change in the labor supply due to illness only—the disease incapacitates symptomatic workers.

Via this channel, both the epidemic and the health policy response can have large effects on

economic activity by reducing labor supply which, in turn, depresses aggregate consumption

6 To be clear, we abstract from other links, such as the ones related to the endogenous behavioral response of
people to the spread of the disease, and the economic disruption from the “sudden stop”.

7 The origins of the SIR model and other closely related models of mathematical epidemiology trace back
to the seminal contributions of Kermack and McKendrick (1927). Brauer, Driessche, and Wu (2008) offer an
introduction to state-of-the-art mathematical epidemiology with numerous models that are more detailed about
the dynamics of infectious diseases. However, most of these models feature the SIR model (or its close cousin
the SIS model) at their core.
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and investment. Relative to the existing literature our analysis of the dynamics of investment

and capital utilization adds an important element to the picture of the macroeconomic risks

associated with the current crisis. By no means is this the only relevant economic channel.

We abstract from possible changes in consumption patterns, under an unfettered epidemic or

a lockdown, that could intensify the economic contraction.8 We also abstract from the endoge-

nous fall in demand due to financial frictions and nominal rigidities. Arguably, adding these

realistic elements would exacerbate the shock amplification mechanism in spite of strong fiscal

and monetary responses by national and international authorities.

The rest of the paper is organized as follows. Section 2 introduces the model, specifying

both the epidemiological and the economic elements as well as the structure of social distancing.

Section 3 discusses our calibration and solution methods. Section 4 discusses our results varying

the type and intensity of social distancing measures. Section 5 considers how widespread testing

would have to be to keep health outcomes unchanged while relaxing the intensity of social

distancing measures. Section 6 concludes. Details on the model and sensitivity analysis are

presented in the appendix.

2 The Integrated Model

Our integrated assessment model for infectious diseases combines a deterministic compartmental

SIR model of epidemiology with a two-sector economic growth model. Epidemiological models

attempt to map the complex transmission interactions of infectious diseases in a population

into a formal mathematical structure that can describe the large scale dynamics. To integrate

epidemiological and economic models, we have to make assumptions about the interaction of

the spread of the disease with economic activity. In our framework, we allow for three channels.

First, if at least some of the individuals who have fallen ill from the disease cannot work, the

aggregate labor supply shrinks temporarily and reduces economic activity. Second, public health

measures put in place to control the spreading of the infectious disease either prevent individuals

from conducting their work altogether or limit the their productivity (e.g., by imposing inefficient

8 For some early estimates of such changes for the COVID-19 epidemic, see Baker, Farrokhnia, Meyer, Pagel,
and Yannelis (2020). Jordà, Singh, and Taylor (2020) provide estimates on how epidemics are different from
other destructive episodes, such as wars, based on a dataset stretching back to the 14th century. For pandemics,
they point to changes in consumption that they attribute to heightened precautionary behavior.
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home-office arrangements). Again, the reduction in effective labor causes economic activity to

fall and, if the health policy measures are implemented over a long time period, a decline in

investment activity may cushion the near-term fall in consumption but add persistence to the

economic repercussions. Third, in our two-sector economic growth model, it matters importantly

for economic activity how the health measures affect the labor supply within and across sectors.

The SIR model captures how an infectious disease, such as COVID-19, spreads by direct

person-to-person contact in a population. As an introduction to our variant of this model and

the relevant terminology, in the next section we lay out a standard specification assuming that

the population is homogeneous and has no distinguishing characteristics except for the health

status. In the following section, we extend this one-group SIR model to a three-group SIR model

in which the groups differ by the role of their members in the production process. The exposition

of the one-group SIR model follows Hethcote (1989) and Allen (1994). Our three-group model

borrows form work on epidemiological models with discrete spatial heterogeneity, see Chapter 7

in Brauer, Driessche, and Wu (2008).

2.1 Assumptions, Notation, and the One-Group SIR Model

Time is discrete and measured in days. In the one-group model, individuals only differ with

regard to their health status. In particular, they have no distinguishing socioeconomic charac-

teristics. At every instant in time, total population N is divided into three classes:

1. susceptible individuals of share St in population can incur the disease but are not yet

infected;

2. infective individuals of share It in population transmit the disease;

3. removed individuals of share Rt in population are removed from the susceptible-infective

interaction by recovery with immunity, isolation, or death.

We abstract from vital dynamics (births and natural deaths) and assume N to be constant and

sufficiently large to treat each class as a continuous variable.

The population in the SIR model is homogenously mixing and hence the “law of mass action”

applies: the rate at which infective and susceptible individuals meet is proportional to their

spatial density StIt. The effective contact rate per period β is the average number of adequate
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contacts per infective period. An adequate contact of an infective individual is an interaction that

results in infection of the other individual if that person is susceptible. Thus, β can be expressed

as the product of the average of all contacts and the probability of infection (transmission risk)

given contact between an infectious and a susceptible individual. The parameter β is typically

viewed to be constant over time, absent public health measures such as social distancing. In

the rest of the paper, we will refer to this as the basic contact rate, as opposed to the running

contact rate resulting from the imposition of social distancing measures. Infected individuals

recover at the constant daily recovery rate γ, and receive permanent immunity as is often the

case for viral diseases.9

Abstracting from the lethality of the viral disease, we write the discrete time SIR model as:

St+1 = St − βItSt, (1)

It+1 = It + βItSt − γIt, (2)

Rt+1 = Rt + γIt, (3)

1 = St + It +Rt, (4)

with the initial conditions S0 > 0 and I0 > 0. In addition, St ≥ 0, It ≥ 0, and St + It ≤ 1, and

N = 1.

The basic reproduction number R0 =
β

γ
S0 determines whether the infectious disease becomes

an epidemic, i.e., the disease goes through the population in a relatively short period of time, or

not. This is the case for β

γ
S0 > 1; otherwise, the number of infective individuals decreases to zero

as time passes, without an epidemic. If R0 ≤ 1 the number of infectives converges monotonically

to zero (disease-free equilibrium).10

9 While it is widely presumed that recovery from COVID-19 yields at least temporary immunity, the jury
is still out whether the immunity is permanent. If the recovery does not give permanent immunity, then the
individual can be infected again and moves eventually back into the group of susceptible individuals, as captured
in SIRS models or SIS models. SI(R)S models are the appropriate choice for a range of bacterial agent diseases.
See also Hethcote (1989).

10 A closely related concept is the time-dependent running reproduction number, Rt =
β
γSt, which measures the

number of secondary infections in period t caused by a single infective individual. At the peak of the epidemic,
when the number of currently infected individuals reaches its maximum, the running reproduction number drops
below 1.
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2.2 Three-Group SIR Model

Moving to the three-group SIR model, we assume that the total population N is split into

three groups. The size of group j =∈ {1, 2, 3} is denoted by Nj with N1 + N2 + N3 = 1.

The members of each group are homogeneous and share specific socioeconomic characteristics.

More specifically, we assume that the members of the first two groups are in the labor force.

In the two-sector economic model presented below, individuals of group j work in sector j with

j ∈ {1, 2}. The members of Group 3 are not in the labor force; this group can be thought of as

including individual outside the labor force, the young and the elderly.11

As in the one-group model, Sj,t, Ij,t, Rj,t denote the susceptible, infective, and removed

subpopulations in each group with Sj,t + Ij,t + Rj,t = Nj .
12 As both the average number of

contacts per person and the probability of transmission can differ between the members of the

three groups, the effective contact rate transmission can be group-dependent.13 Let βj,k,t denote

the group-dependent contact rate which measures the probability that a susceptible person in

group j meets an infective person from group k and becomes infective. For convenience, we

define the force of infection λj,t for group j as

λj,t =

3
∑

k=1

βj,k,tIk,t. (5)

The group-dependent recovery rate is denoted by γj and ̟j is the death rate.

With these definitions in place, the system of equations for the three-group SIR model is

given by:

Sj,t+1 − Sj,t = −λj,tSj,t, (6)

Ij,t+1 − Ij,t = λj,tSj,t − (γj +̟j)Ij,t, (7)

Rj,t+1 − Rj,t = γjIj,t, (8)

with j =∈ {1, 2, 3}. Note that if βj,k,t = βt, then λj,t = βtIt where It =
∑3

j=1 Ij,t denotes the

11 It would be straightforward to model the young and the elderly as separate groups. Such an extension would
allow for even more differentiated health policy measures than our stylized model affords.

12 For a detailed mathematical analysis of a SIR model with two groups, see Magal, Seydi, and Webb (2016).
13 A straightforward example of two groups with different transmission coefficients are hospital patients and

medical personnel.
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number of total infectives and the dynamics of the three-group SIR model are identical with

the one-group model. We return to the discussion of these parameters when describing social

distancing measures in Section 2.4.2.

2.3 A Two-Sector Macroeconomic Model

Individuals live in identical households that pool consumption risk across the different house-

hold members, i.e., the composition of each household reflects the relative group sizes in the

population. Absent social distancing, all susceptible and recovered individuals work. We allow

for the possibility that infective individuals may be symptomatic or asymptomatic and assume

that symptomatic individuals do not work. To be clear, ours is not a model that integrates

strategic behavioral choices into an epidemiological framework, along the lines of Kremer (1996)

and of Greenwood, Kircher, Santos, and Tertilt (2019). Nonetheless, the expected exogenous

reduction in labor supply linked to the inability of the symptomatic ill individuals to work or

to social distancing measures is integrated into the economic decisions we model.

Our model comprises two intermediate sectors, Sector 1 and Sector 2. Individuals in Group

1 provide labor services inelastically to firms in Sector 1. Individuals in Group 2 provide labor

services inelastically to firms in Sector 2. Individuals in Group 3 are the young and the elderly

who are not in the labor force. Final goods are produced with inputs from the two intermediate

sectors with a constant elasticity of substitution function. These inputs are imperfect substitutes

for each other.14 The two sectors differ by their production structure. In Sector 1, labor inputs

are subject to a minimum scale requirement. This scale requirement is a simple way to capture

the specialized skills of different workers, all of which are necessary to produce a certain product.

Larger labor shortfalls make it more likely that production will be impaired by the absence of

essential members of a team. We abstract from modeling the interaction of capital with the

labor input in Sector 1. We have in mind production structures in which capital cannot easily

compensate for shortfalls in the labor input. For example, if doctors and nurses do not show

up for work, it seems unlikely that adjustments could be made to compensate for their absence.

By contrast, with Sector 2, we are attempting to capture production processes in which the

14 Krueger, Uhlig, and Xie (2020) also bridge an epidemiological model and a two-sector economic model,
building on the setup of Eichenbaum, Rebelo, and Trabandt (2020). In the model of Krueger, Uhlig, and Xie
(2020), different contact rates distinguish each sector. Furthermore, labor is the only input into production and
labor mobility across sectors helps blunt the economic impact of the epidemic.
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utilization of capital services can be more easily adapted, and in which labor inputs are more

readily substitutable for capital services.

Households maximize consumption and supply two types of labor, l1,t and l2,t inelastically.

Households also rent capital services utkt−1 to firms in Sector 2, where ut captures variable ca-

pacity utilization that can also be adjusted for those services. The utility function of households

is:

Ut = Et

∞
∑

i=0

θi log(ct+i − κct+i−1). (9)

Households choose streams of consumption, investment, capital and utilization to maximize

utility subject to the budget constraint

ct + it = w1,tl1,t + w2,tl2,t + rk,tutkt−1 − ν0
u1+ν
t

1 + ν
, (10)

where the term −ν0
u1+ν
t

1+ν
captures costs from adjusting capital utilization. The parameter ν0

allows us to normalize utilization to 1 in the steady state. Households’ utility maximization is

also subject to the law of motion for capital, given by

kt = (1− δ)kt−1 + it, (11)

and to a threshold level of investment,

it ≥ φi, (12)

where φi denotes a fraction of steady-state investment. Notice that when φ = 0, Equation 12

implies the irreversibility of capital.

Moving to the description of the production sector, firms in Sector 1 use labor l1,t to produce

the intermediate good v1,t and charge the price p1,t. The production function is given by

v1,t = η (l1,t − χ) . (13)

Firms in Sector 2 use capital kt−1 and labor l2,t to produce an intermediate good v2,t,

v2,t =
(

utk
α
t−1

)

l1−α
2,t . (14)
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Sector 2 combines its intermediate good with the good produced in Sector 1 to produce the final

output good:

yt =
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ (v2,t)
1

1+ρ

)1+ρ

. (15)

2.4 Integrating the Epidemiological and the Macroeconomic Model

The dynamics of the epidemiological and the macroeconomic models are tightly connected. As

we assume that symptomatic infective individuals cannot work, the labor supply for each sector

depends on the spread of the disease within the relevant population group. Moreover, social

distancing measures can also affect economic activity if they reduce the labor supply.

2.4.1 Disease Spread and the Labor Supply

Without the disease, the labor supply in each sector is

lj,t = Nj , (16)

for j ∈ [1, 2] for all t. As the disease starts spreading, assuming that symptomatic infective

individuals cannot work, the labor supply in sector j is given by

lj,t = Nj − (1− ι) Ij,t, (17)

for j ∈ [1, 2]. We denote with ι the share of infective individuals who are asymptomatic, which

is assumed to be constant in time and across the three groups.

2.4.2 Social Distancing and the Labor Supply

Social distancing and other non-pharmaceutical public health measures are modelled as a reduc-

tion in the effective contact rates, for the time span over which the measures are in place. Let

N̄j,t be the number of individuals in group j directly affected by social distancing during period

t; the share of group j individuals affected by the policy measure is therefore N̄j,t/Nj. The effec-

tiveness of social distancing in reducing contact rates is controlled by the parameter ϑ ∈ [0, 1].15

15 This parameter accounts for the fact that even after closing down physical work places, individuals may
continue to have close physical contacts in non-work settings.
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If ϑ = 0 social distancing has no effects on the contact rates. We model the group-dependent

running contact rates in the presence of social distancing as

βj,k,t = β∗

(

1− ϑ
N̄j,t

Nj

)(

1− ϑ
N̄k,t

Nk

)

. (18)

The parameter β∗ is the basic contact rate that applies absent social distancing—assumed to

be constant. The other two terms account for the reduction in the effective contact rates due

to social distancing. As the intensity of social distancing can vary across groups, the effective

contact rates βj,k,t vary across groups even if the basic contact rate does not.

Our approach to modeling social distancing embraces the key assumption of homogeneous

mixing underlying the SIR model. Under the “law of mass action” the rate at which infective

and susceptible individuals meet is proportional to their spatial density. For the case of ϑ = 1,

Equation 18 implies that the terms of the kind βj,k,tSj,tIk,t in Equation 6 can be written as

β∗

(

1−
N̄j,t

Nj

)

Sj,t

(

1−
N̄k,t

Nk

)

Ik,t = β∗S̃j,tĨk,t (19)

where S̃j,t and Ĩj,t reflect the numbers of susceptible and infective individuals that are not affected

by social distancing in this example. Hence, social distancing reduces the spatial density in our

setting.

As we assume that social distancing applies to all group members regardless of their individual

health status, the labor supply in sector j is given by

lj,t = Nj −max

[

N̄j,t

Nj

− υj , 0

]

Nj −min

[

N̄j,t

Nj

, υj

]

(1− ι)Ij,t −

(

1−
N̄j,t

Nj

)

(1− ι)Ij,t. (20)

In Equation 20, the term max
[

N̄j,t

Nj
− υj , 0

]

Nj is the number of individuals in group j un-

der lockdown, where υj is the share of individuals in group j who can continue working from

home. The term min
[

N̄j,t

Nj
, υj

]

(1 − ι)Ij,t is the number of sick and symptomatic individuals in

group j who are under lockdown and are working from home. For the same group, the term
(

1−
N̄j,t

Nj

)

(1− ι)Ij,t is the number of individuals who get sick and are symptomatic but are not

under lockdown.
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2.5 The Special Case of a One-Sector Macroeconomic Model

Our three-group/two-sector model nests a one-sector model that more closely resembles the setup

that has been used in previous studies that considered the cost of social distancing measures.

Trivially, the three-group SIR model readily collapses to a two-group model when we impose that

all the shares pertaining to Group 1 are zero, i.e., S1,t = I1,t = R1,t = N1 = 0. For comparability

of results across models, we continue to assume the presence of Group 3, the non-working-age

population. Correspondingly the two-sector model collapses to a prototypical one-sector real

business cycle model when we impose that the quasi-share parameter omega in Equation 15 is

one.

3 Calibration and Solution

In this section, first we present our calibration, summarized in Table 1, distinguishing parameters

relevant for the SIR model and for the two-sector economic model. Second, we discuss the

solution method.

3.1 The Parameters of the SIR model

In calibrating the SIR model we need to set the values of the disease-specific parameters—the

group-dependent contact rates βj,k,t, recovery rates γj, and death rates ̟j—and the sizes of

the three groups Nj . We assume that, absent social distancing measures, the three groups

are identical from an epidemiological perspective. More specifically, the effective contact rates

within and across groups are identical and constant over time, i.e., βj,k,t = β, ∀j, k. Similarly,

it is γj = γ and ̟j = ̟. In agreement with recent papers by economists on the spread of the

COVID-19 disease, we set β equal to 0.2 and the recovery rate γ at 1/20 implying a duration

of illness of 20 days.16 We abstract from the lethality of the disease and highlight the direct

implications of the pandemic for the economy. Hence, we set ̟ = 0 in our baseline calibration.

The basic reproduction number R0 implied by these parameter choices is equal to 4 meeting

16 The choices for β and γ are in line with those in Alvarez, Argente, and Lippi (2020) and are close to those
in Eichenbaum, Rebelo, and Trabandt (2020). Under our parameterization, the one-group SIR model produces
similar dynamics for the classes of susceptibles, infectives, and recovered as the slightly richer SEIR model (with
the addition of an exposed class) discussed in Atkeson (2020b). There is considerable uncertainty about the
exact values of these parameters that will likely persist into the future as non-pharmaceutical interventions and
the possible emergence of herd immunity will complicate the econometric analysis.

14
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
-5

2



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

the condition for the disease to spread as an epidemic. Finally, we set to 1 the parameter ϑ,

which governs the effectiveness of social distancing measures and consider alternative values for

robustness purposes.

It is worth reiterating that the calibration of our SIR model is daily. In order to link the

results from the epidemiological model to the macroeconomic models, we average the results of

the epidemiological model across thirty-day intervals.

3.2 The Parameters of the Economic Model

The relative sizes of the three groups are informed by the employment to population ratio, the

age distribution of the U.S. population, and the employment share in the core sector. We set the

combined size of Group 1 and Group 2, N1+N2, at 0.65 or 65 percent of the total population, in

line with data from the U.S. Bureau of Labor Statistics (BLS) for the employment-to-population

ratio. Group 3 (the young and the elderly) accounts for 35 percent of the population, and thus

N3 = 0.35.

The individual group sizes N1 and N2 reflect the employment share of the group of industries

in the economy that we deem essential and that are reported in Table 2. The data on value

added come from the tables on GDP by Industry of the Bureau of Economic Analysis (BEA).

The employment shares are based by matching the industries in the BEA table with data on

hours worked by industry in the Productivity Release of the BLS. The shares reported in the

table are for 2018, the latest year for which data are available at the time of writing. The total

share of employment for the industries listed in the table is about 38 percent. Identifying the

individuals working in the essential industries as the Group 1 individuals in the SIR model we

set N1 = 0.65× 0.38 ≈ 0.25. Hence, Group 2 is of size N2 = 0.4.

The total share of GDP for the industries listed in the table is about 27 percent. We fix

the quasi-share parameter ω so that the value added of Sector 1 in the steady state is the same

percent of total output in the model, i.e., denoting steady-state variables by omitting the time

subscript, p1v1
y1

= 0.27.

The unit of time for the economic model is set to 1 month. We set the discount factor

θ to 1 − 4
100

/12, implying an annualized interest rate of 4 percent in the steady state. The

depreciation rate δ is set to 1
10
/12, implying an annual depreciation rate of 10 percent. The

parameters governing consumption habits κ is set to 0.6, in line with estimates for medium-scale
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macro models such as Smets and Wouters (2007). We set χ, the minimum scale parameter for

the production function of Sector 1, to 0.5 times l1, implying that one-half of the steady state

labor input for sector 1 is essential for production. The scaling parameter η is set to 2, offsetting

the reduction in productivity implied by our choice of the minimum-scale parameter in the

steady state. This choice for η leaves the steady state production level unchanged relative to a

case without a minimum scale (i.e., when χ is 0). We set the parameter α governing the share of

capital in the production function of Sector 2 to 0.3. The elasticiy of substitution between factor

inputs is 1
3
, implying a choice of ρ = 1

1− 1

3

as derived in the appendix. We set the parameter

ν governing the elasticity of capacity utilization to 0.01, as in Christiano, Eichenbaum, and

Evans (2005). Finally, the parameter φ is equal to 0, implying that investment, once installed

as capital, is irreversible.

3.3 Cross-model Parameters

In our model, the macroeconomic cost of inaction is driven by the reduction in the labor supply

caused by the inability of symptomatic infective individuals to work until recovered. To calculate

the reduction in labor supply, we need to rely on an estimate of the asymptomatic infected

individuals. A study of the passengers of the Diamond Princess cruise ship provides useful

guidance. As reported in Russell, Hellewell, Jarvis, Zandvoort, Abbott, Ratnayake, Flasche,

Eggo, Edmunds, and Kucharski (2020), about half of the passengers that tested positive for the

virus were asymptomatic. The asymptomatic share was also found to be different by age group.

We use a 40 percent estimate that applies to passengers of working age, i.e. ι = 0.4. Given that

labor supply is exogenous in our economic model, the fall in labor supply becomes more acute

as the infective share increases.

When we study social distancing measures, we need to allow for the possibility that a fraction

of the individuals subject to lockdown measures may still be able to work from home. To estimate

the fraction of individuals who can do so, we use the American Time Use Survey of the BLS.

According to survey data for 2018, the latest available at the time of writing, about 30 percent of

American workers can work from home. The survey also provides differential rates by industry.

Mapping the coarser industry categories onto our industry choices for Sector 1 as listed in Table

2, we extrapolate that 15 percent of individuals in Group 1 can work from home, compared to

40 percent of individuals in Group 2. Thus, we set υ1 = 0.15 and υ2 = 0.4.
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3.4 Solution Method

The solution method has three important characteristics: First, it allows for a solution of the

SIR model that is exact up to numerical precision; second, it conveys the expected path of

the labor supply in each group to the economic model as a set of predetermined conditions,

following the numerical approach detailed in the appendix of Bodenstein, Guerrieri, and Gust

(2013); and third, it resolves the complication of the occasionally binding constraints, implied

by capital irreversibility, with a regime switching approach following Guerrieri and Iacoviello

(2015). The modular solution approach has the advantage of allowing us to consider extensions

of either module without complicating the solution of the other. The advantage of the regime-

switching method of Guerrieri and Iacoviello (2015) is that it is remarkably resilient to the curse

of dimensionality, while still accurate for the class of models we consider.17

4 Simulation Results

We are now ready to discuss our model predictions concerning the macroeconomic consequences

of the spread of a contagious disease such as COVID-19. In a first exercise, we compare the results

from our two-sector model relative to those from a model without sectoral differentiation—the

special case of a one-sector model described in Section 2.5. In this exercise, we abstract from

the effects of social distancing, hence we dub this case as policy inaction. In the following set of

exercises, we compare the model under social distancing with the model under inaction, focusing

on the macroeconomic effects of measures that successfully flatten the infective curve, at least

for a time.

4.1 The Macroeconomic Costs of Inaction

The results from our first exercise, comparing the one-sector to the two-sector model in the

absence of social distancing measures are shown in Figures 1 to 3. Figure 1 plots the evolution

of susceptible, infective and removed individuals in the total population at the daily frequency.

As we assume that the basic contact rates within and across groups are identical, the disease

dynamics for each groups mirrors the evolution in the total population in this scenario without

17 Guerrieri and Iacoviello (2015) provide extensive comparisons of the performance of different solution methods
for the same case of capital irreversibility considered here.

17
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
-5

2



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

social distancing measures. With a slow start, the spread of the disease picks up momentum

after 30 days. The population share of infective individuals peaks at 41 percent after 65 days.

In the case plotted in the figure, almost all individuals will eventually have been infected by the

virus.

Moving to the economic implications, we turn to Figure 2. The top two panels of this figure

show the progression of the infection with the data now aggregated at the monthly frequency.

For the one-sector model, we back out the reduction in the labor supply from the population

share of infected individuals in groups 1 and 2 combined — adjusted by the proportion of

asymptomatic sick individuals that, in the absence of widespread testing, could be expected to

continue working. This combined share of infected individuals is shown on the top left panel. For

the two-sector model, instead, we need to track the infected shares for groups 1 and 2 separately.

These shares evolve as shown in the top right panel.18

In our model, the direct macroeconomic cost of inaction is driven by the reduction in the

labor supply caused by the inability of symptomatic infective individuals to work until they

recover. Using the estimates suggested by the case study of the Diamond Princess cruise ship

discussed in the calibration section, we set the share of asymptomatic infective workers who can

continue to work equal to 40 percent.

As shown in Figure 2, the reduction in total output tracks closely the share of infective indi-

viduals. However, the one- and two-sector models have very different quantitative implications.

The trough in output is about 20 percent below steady state for the one-sector model, compared

to about 30 percent for the two-sector model.19

Before discussing the other macro variables, it is useful to consider the infective shares and

labor supplied by group, together with value added by sector, shown in Figure 3. The top two

panels of this figure make it clear that the infection proceeds apace across the two groups, hence,

the share of each group that is infective is the same. Given our assumptions, the decline in labor

supply is also the same. What is not the same is the reduction in value added for the two sectors.

The same reduction in labor supply results in a bigger contraction in value added for Sector 1,

18 Since in our baseline calibration the contact rates are the same within and across groups, in the absence of
social distancing differentiated by group, we can aggregate the three-group SIR model into either a two-group SIR
model or a one-group SIR model. There would be no loss of information from aggregation because group-specific
paths could always be backed out from the aggregate path.

19 Using more common quarterly averages, the decline in output in the first quarter of the simulation is 13
percent for the one-sector model, versus 18 percent for the two-sector model.
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given the minimum scale assumption in Equation 13.

Returning to Figure 2, the asymmetric sectoral contraction has key aggregate implications.

Since the two sectoral inputs are imperfectly substitutable, there are reduced benefits from

using them in proportions that deviate from the steady state share: it pays to reduce capacity

utilization for Sector 2, amplifying the collapse in the output of Sector 2.

In the two-sector model, the consumption collapse mirrors the larger drop in output—both

are V-shaped. The deeper and persistent contraction in consumption in turn reflects capital

irreversibility—when this constraint becomes binding, investment cannot be reduced by an ex-

tent sufficient to smooth the consumption path as desirable. Note that wealth effects are so

large that consumption plummets already in the first month, ahead of the drop in labor.20

By contrast, consumption holds up much better in the one-sector model—mostly because, in

this framework, households are able to finance their spending by reducing investment without

running in supply and capital irreversibility constraints. To be clear: in comparison, investment

(and capacity utilization) falls by more in the two-sector model. However, this contraction mostly

reflects that the the supply disruption in Sector 1 has a disproportionate effect on aggregate

output.

The main takeaway from this first exercise is that the one-sector model may understate

the collapse in output associated with an unchecked evolution of the disease predicted by our

epidemiological model, with drastically different implications for aggregate consumption. In our

two-sector model, the core sector operates subject to a minimum-production scale, hence it can

respond sharply to a deep decline in labor supply as workers become ill in large numbers and

stop working. On top of the direct negative effect of a falling workforce on production, activity

is hit indirectly, but possibly strongly, by the supply disruption in essential production linkages

among industries.

One may argue that the model overestimates the economic disruption because it does not

account for the optimizing reaction by households, who may follow spontaneous, self-interested

social distancing, reducing the contact rate and therefore the running reproduction number.

However, we know from ongoing work on the subject that, even accounting for the spontaneous

reaction by households, the initial rise in infections would remain rather steep (e.g., see Farboodi,

Jarosch, and Shimer (2020)). Moreover, the optimizing decision by rational agents may consist

20 As output is predetermined in the first period, investment turns positive before falling.
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of not going to work, even when the individual is not infected—a reaction that may be quite

strong if one accounts for the considerable uncertainty about the nature and the effects of the

disease. Finally, in sensitivity analysis, we show that results are quite insensitive to the basic

reproduction number, unless this number falls very close to 1. If only loosely, this sensitivity

exercise accounts for the potential aggregate effects of different spontaneous reactions to the

spread of the disease.

4.2 Comparing the Macroeconomic Consequences of Inaction and

Social Distancing

Using our two-sector model, the following analysis considers the macroeconomic consequences

of social distancing measures designed to smooth out the infection curve. We compare these

consequences with those of the inaction case studied in the previous section. We stress from the

start that our exercises are only meant to provide insight on how the dynamics of the disease and

of the economy are interconnected. An exercise in optimal policy design would require a much

more articulated model. Yet we may note here that a lockdown has a straightforward motivation

as a policy action that internalizes the infection externality from individual interactions—that

would not be internalized even if individuals optimally trade-off consumption and labor supply

decisions with the risk of being infected (see, e.g., Eichenbaum, Rebelo, and Trabandt (2020)).

4.2.1 A Baseline

In our analysis, we consider the possibility that social distancing measures could be targeting

first and foremost workers who are able to continue supplying their labor services from home.

In line with the American Time Use Survey, conducted by the Bureau of Labor Statistics,

the share of the labor force that can work from home is 15 percent of workers in Group 1

(the group that supplies labor to the core sector), and 40 percent of workers in Group 2 (the

group that supplies labor to the other sector). Requiring this subset of workers to work from

home and observe a strict lockdown produces benefits for the rest of the population and other

workers, for instance, by reducing the chance of contagion during commuting to the workplace.

With regard to individuals not in the labor force, Group 3, we consider strict social distancing

measures applied to about 30 percent of group members, the same proportion as for the overall

20
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
-5

2



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

population. Under this policy setup, keeping all the above measures in place for 8 months can

avoid a resurgence of the epidemic once these measures are lifted.

The health consequences of this policy in the three-group SIR model are illustrated by Figure

4. The top panels in this figure show the effects at a daily frequency for the aggregate population,

first for the inaction scenario, then with social distancing in place. It is apparent that the policy

successfully flattens the infection curve. The peak of the infection share drops from about 40

percent to about 15 percent—unfortunately still very high relative to the capacity constraint

of health care systems, even when taking account for the fact that not all infected individuals

experience symptoms. However, note that about 10 percent of the population never becomes

infected. The bottom three panels of the figure show group-specific health outcomes. Strikingly,

the health outcomes of workers in Group 1, who continue working in higher proportion, are

analogous to those of individuals in Group 2 and Group 3. This is because the higher degree of

social distancing in the latter groups also helps shield individuals in Group 1.

The economic consequences of social distancing and inaction are shown at the monthly

frequency in Figure 5. Recall that, in our setup, the economic costs of the disease arise directly

from the inability of the symptomatic ill to continue working, and indirectly from possible supply

constraints on the economy due to a large contraction of the core sector. Having said so, the

figure suggests that smoothing out the peak of the infection curve does benefit economic activity.

The peak contraction in output is less than one half relative to the case of inaction (at monthly

rates, 15 percent as opposed to about 30 percent). Disinvestment for consumption smoothing

purposes never runs into the irreversibility constraint. Consumption is not V-shaped, but holds

up rather well (at the cost of a lower capital stock over time). As apparent from Figure 6, key

to this result is that the social distancing policy in this exercise compresses the trough for value

added in both sectors, but particularly in Sector 1, which contracts only 20 percent, as opposed

to 40 percent in the scenario without intervention.

In sum, apart from containing the loss of life, social distancing can significantly smooth the

output and consumption costs of the disease.21 This economically beneficial effect stems from

lockdown policies skewed towards the non-active population and workers in the non-core sector,

and is targeted at the share of workers who could reasonably keep performing their occupational

21 Correia, Luck, and Verner (2020) finds empirical evidence for beneficial effects of health policies for the case
of the 1918 influenza epidemic.
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tasks from home. This combination of measures is successful to the extent that, through a

positive health externality from the share of individuals at home, it keeps the infection rate

among the workers in core industries low. A key implication highlighted by our two-sector

model is that the contraction in value added in the two sectors remains roughly comparable,

which helps contain the aggregate decline in activity.

4.2.2 Trading Off Coverage and Duration of Social Distancing

The measures we considered so far limit social distancing to individuals who can work from

home—assuming that, unless ill with symptoms, all other workers go to the workplace.22 We

now consider whether, based on the same mechanism, there are economic gains from taking

stricter health measures that cover a greater share of the population.

Figure 7 shows the effect of a lockdown that is extended to a share of individuals equal to

18 percent in Group 1 and 45 percent in Group 2. This alternative policy implies an increase

of 3 and 5 percentage points, respectively, relative to the previous policy. Individuals in Group

3 continue to be locked down in the same proportion as for groups 1 and 2 combined (about

35 percent in this case as opposed to about 30 percent in the previous case). Since these

changes slow down the build-up of herd immunity, the implementation of these new measures

for eight months (as above) would not be sufficient to avoid a resurgence of the share of infected

individuals once social distancing is ended. For consistency with our previous exercise, we set

the duration of the lockdown to 9 months.

The stricter and longer measures significantly flatten the infection curve, whose peak is

now at about 11 percent. All else equal, a lower infection peak shields better the core sector,

resulting in economic gains (while reducing the strain on the national health care systems).

However, these gains now imply some economic losses from reducing the labor supply and some

economic gains from smoothing out the infection peak. Still, Figure 7, suggests that, on balance,

the cumulative decline in consumption over 24 months is smaller than the cumulative decline

without intervention.

22 This is likely an upper bound: as discussed by Eichenbaum, Rebelo, and Trabandt (2020) it is individually
rational to cut on labor supply.
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4.2.3 Sensitivity

Underlying our analysis is the concern that a precipitous decline in employment brought about

by infectious diseases may expose links in the production chain that are hard to predict. In our

model, we capture this possibility by conjecturing that a critical mass of workers is needed for

the core sector (Sector 1) to produce value added. The higher this critical mass is, the larger

the effect of an infection spike among individuals in Group 1. We study the sensitivity of our

results to this parameter in the appendix.

Among the parameters governing the disease dynamics, the highest uncertainty is probably

about the value of the contact rate β. As shown in the appendix, the economic costs of COVID-

19 in the two-sector model are sizeable and exceed those in the one-sector model as long as β

does not drop below 0.075, a level that would also greatly curtail the spread of the disease.

Finally, we also analyze the trade-off in differentiating social distancing measures across

groups. Namely, these measures can be made more stringent for Group 3, and less stringent for

the groups in the labor force, improving economic outcomes without a significant deterioration

in health outcomes, as shown in the appendix.23

4.3 Extensions and Discussion

The rest of this section presents an exploratory analysis of lockdowns that do not prevent the

resurgence of the epidemic when lifted, or are put in place in view of the availability of a

vaccine, and a discussion of open issues, raised by the considerable uncertainty surrounding the

parameters of the model.

4.3.1 Lockdowns that “Go Wrong.”

Figure 8 reports results for implementing a social distancing policy that is stricter relative to

our baseline but is kept in place for a shorter time period. Namely, we posit that the lockdown

is extended to 40 percent of individuals in Group 1 and 90 percent of individuals in both Group

2 and Group 3, for a period of 3 months, after which, all measures are removed.

23 The reduction in economic cost will be apparent by comparing Figure 9, discussed in Section 4.3.3, and
Figure A.4, in the appendix. A higher share of individuals under lockdown in Group 3 for Figure A.4, allows
a reduction of the lockdown shares in Group 1 and Group 2. Accordingly, the lockdowns considered for those
figures obtain comparable peak infection shares, while resulting in very different economic costs.
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In this scenario, at the time in which the lockdown is lifted, the disease has not had a

chance to reduce the size of the susceptible population, implying insufficient herd immunity to

smooth out the peak of the infection share relative to the case of inaction. As a result, the

economic costs grow. A strict lockdown produces staggering economic costs upfront, through

the reduction in labor supply. In addition, the economy suffers a second-round drop in activity,

when the infection peaks, that is, by itself, comparable to the case of inaction.

4.3.2 Waiting for a Vaccine

All of the policies considered thus far smooth out the infection curve but do not go insofar as

preventing the infective share from surging for a prolonged period of time—which in all likelihood

remains well above the level consistent with the response capacity of the health care system. The

question we now address concerns the output loss associated with strict measures undertaken to

keep the share of infected individuals low enough for the health care system to cope, and long

enough to benefit from a vaccine at some point in the (not so near) future. Namely, we focus

on measures able to keep the population share of infected individuals below 1.5 percent for 18

months, which, based on estimates cited in press reports at the time of writing, is the timespan

required for a safe vaccine to be developed.24

In our model economy, the cost of keeping down the population share of the infected is

reduced by policies that strive to equalize the reduction in value added across Sectors 1 and

2. Given the sectoral differences in the ability to work remotely, and given the minimum scale

requirement for the labor inputs of the core sector, we set lockdown shares of 25, 60, and 47

percent for Groups 1, 2, and 3, respectively (note that the lockdown share for Group 3 is the the

same as the share for Group 1 and 2 combined). Results for this scenario are shown in Figure 9,

where we assume that the immunization program can be completed before lifting the lockdown.

The figure shows that the economy suffers a sustained reduction in output, about 20 percent,

throughout the time-span in which the social distancing measures are in place. Note that the

reduction in consumption would persist beyond the arrival of the vaccine, as investment would

have to rise for some time, to rebuild the lost (consumed) capital stock.

The figure is generated under the assumption that the vaccine is successfully deployed after

24 We use the 1.5 percent share for illustrative purposes and offer sensitivity analysis. One way to set the target
peak incidence of the disease is to link it explicitly to the capacity of the health care sector as in Moghadas,
Shoukat, Fitzpatrick, Wells, Sah, Pandey, Sachs, Wang, Meyers, Singer, and Galvani (2020).
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the development period and immunizes the entire susceptible population. As can be extrapolated

from Figure 8, should the vaccine development fail, the epidemic spreads again at the end of the

lockdown, causing additional economic costs similar to a scenario of inaction.

4.3.3 Discussion

The economic consequences of waiting for a vaccine can vary drastically depend on characteristics

of the COVID-19 virus and the related effectiveness of lockdowns. To date, the parameters of

the epidemiological models for the spread of this corona virus are still a topic of intense debate.

In all the cases presented, we have assumed that the social distancing measures would be

completely effective at mitigating the contagion rate—we set the parameter ϑ in Equation 19

equal to 1. Alvarez, Argente, and Lippi (2020) consider a lower effectiveness of social distanc-

ing, and set ϑ to 0.8. In this case, without a stricter social distancing measure, the peak of the

population share of infective individuals would rise from about 1.5 percent to about 8 percent.

Attempting to bring the infective share back down to 1.5 percent requires tightening the lock-

down. While reiterating that optimal policies are beyond our goals, we note that in this case

raising the share of individuals in groups 1, 2 and 3 to 32, 75, and 59 percent, respectively can

achieve the goal of keeping the infective share below 1.5 percent.25 With this policy in place, our

model points to an output drop of about 40 percent for the duration of the wait for a vaccine.26.

On a more “hopeful” note, other changes to the design of the lockdown policy could reduce

its economic cost without devaluing its beneficial effect on public health. One such change would

consist of adopting stricter measures towards individuals outside the labor force—for instance,

by bringing the share of Group 3 under lockdown to 80 percent (with an effectiveness parameter

ϑ equal to 1). This change would allow policymakers to achieve the 1.5 percent target peak

share of infected individuals while reducing the shares of individuals in groups 1 and 2 under

lockdown to 17 and 44 percent, respectively. With these shares close to the shares of individuals

that could be expected to work from home for both groups, the output cost would be compressed

to an average of about 5 percent for the 18 month wait.27

There is still general uncertainty about the relevant value of R0 in the absence of policy

25 We still constrain the share of individuals under lockdown in Group 3 to match the share for groups 1 and
2 combined.

26 See Figure A.3 in the appendix
27 See Figure A.4 in the appendix.
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interventions. The challenges are considerable. At the time of the writing, testing is skewed

towards symptomatic infected individuals.28 Furthermore, health measures also influence the

spread of the disease, complicating the measurement issues. In our baseline calibration, choices

for β and γ imply a value of R0 equal to 4. The cost of waiting for a vaccine would be lower if the

relevant R0 were lower. Following the estimates by Moghadas, Shoukat, Fitzpatrick, Wells, Sah,

Pandey, Sachs, Wang, Meyers, Singer, and Galvani (2020), we consider the effect of lowering

β from 0.2 to 0.1, which brings R0 to 2. With this change, if all individuals who can work

from home did so, i.e 15 percent of Group 1 and 40 percent of Group 2, and if an additional

30 percent share of the young and the elderly were under lockdown (under the assumption that

the lockdown is perfectly effective), the peak infection share would drop to 0.3 percent of the

population. Halving the values for β and R0 relative to our baseline, the lockdown would not

entail a reduction in labor supply due to the infection. And the much lower peak infection share

would relieve the strain on the health care sector.29

5 Widespread Randomized Testing

The economic costs of a lockdown preventing a high peak of infections over the timespan required

to develop and administer a vaccine could be staggeringly high. Widespread randomized testing

has been proposed as an additional health measure that could help reduce the population under

a lockdown, thereby containing the economic costs of prolonged social distancing measures, see

Romer and Shah (2020).

In what follows, we offer a quantitative assessment of this measure integrating it in the

context of our model. We do so under three simplifying, “best scenario” hypotheses: (a) tests

are perfectly accurate, (b) the test results are available quickly, and (c) it is possible to isolate

any infected individual who tests positive quickly and effectively. Under these assumptions, we

can model the effects of random testing by extending the baseline three-group SIR model to

28 Stock (2020) cites alternative estimates and quantifies the importance of an asymptomatic infective group,
more likely to be subjected to testing, to influence the available (non-randomized) data and affect the estimates
of the parameter β in the SIR model.

29 Moghadas, Shoukat, Fitzpatrick, Wells, Sah, Pandey, Sachs, Wang, Meyers, Singer, and Galvani (2020) show
that with R0 = 2, the peak incidence share associated with not exceeding ICU capacity in the United States is
roughly 0.4 percent of the population. See Figure 2, Panel E and related discussion in their study.
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include within each group a subpopulation of individuals with positive test results:

Sj,t+1 − Sj,t = −λj,tSj,t, (21)

Ij,t+1 − Ij,t = λj,tSj,t − (γj +̟j)Ij,t − ϕj,t

(

1−
N̄j

Nj

)

Ij,t, (22)

Îj,t+1 − Îj,t = ϕj,t

(

1−
N̄j

Nj

)

Ij,t − (γj +̟j)Îj,t (23)

Rj,t+1 − Rj,t = γj

(

Ij,t + Îj,t

)

, (24)

with j =∈ {1, 2, 3} and where λj,t =
∑3

k=1 βj,k,tIk,t. As before βj,k,t is influenced by social

distancing measures, as in Equation 18. The term Îj,t denotes the new subpopulation of infected

individuals, within Group j. They are identified as infected by testing individuals in Group j not

under the lockdown at the daily rate ϕj,t.
30 Randomized testing identifies infected individuals

regardless of whether or not they are symptomatic, so they can be isolated, thereby reducing the

spread of the disease. It should be intuitive that, technology and budget permitting, repeating

the testing daily at a sufficiently high rate could suppress the spread of the disease altogether.

We carry out our analysis of testing building on simulations in the previous section, where we

considered measures able to keep the population share of infected individuals below 1.5 percent

over the course of 18 months. There, we showed that lockdown shares of 25, 60, and 47 percent

for groups 1, 2, and 3, respectively, would achieve this goal at the cost of a 20 percent drop in

output. Relative to this scenario, reducing the lockdown shares to 20, 50, and 39 percent for

groups 1, 2, and 3, respectively, would halve the drop in output to about 10 percent but push

up the peak for the share of infected individual to about 7 percent of the population.31

Starting from the latter, milder scenario, we ask: how much randomized testing would

be necessary to bring the peak share of infected individuals down from 7 to 1.5 percent? In

addressing this question, following the logic of our model, we skew the testing towards individuals

in Group 1. This would be the most efficient way to achieve the goal of lowering the peak, given

that individuals in Group 1, being subject to the lowest lockdown share, have the highest contact

rates. Our simulation suggests that bringing the peak of total infections down would require

setting the parameter ϕ1 to 0.09; i.e., 9 percent of individuals in Group 1 not under lockdown

30 We assume that all infected individuals in Group j recover or die at the same rate whether they are in
isolation or not.

31 We have imposed again that the individuals in Group 3 are under lockdown in the same proportion as the
entire population.
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would have to be randomly selected for testing every day to compensate for the relaxation in

the lockdown described above.

To put this result in perspective recall that Group 1 accounts for about 25 percent of the

population and that 20 percent of this group would be under lockdown; it follows that the share

of the population that would need to be randomly tested daily is 0.25× (1−0.20)∗0.09 ≈ 0.018.

With the current U.S. population at around 330 million, about 6 million people would have to

be randomly selected to be tested each day. This may sound like a staggering goal. Yet, if the

cost of a test were to be pegged at $100 per person, with U.S. GDP at about $20.5 trillion, the

annual cost of testing would amount to a little over 1% of GDP.32 According to our model, this

alternative would be about ten times cheaper than the additional cost of a stricter lockdown

required to achieve the same health-related goal.

While widespread randomized testing could, in principle, be a cheaper alternative to a strict

lockdown vis-à-vis the goal of reducing contact rates, current capacity is far from the scale of

testing required to relax substantially social distancing measures without compromising health

outcomes. At the time of writing, newspaper reports point to roughly 150 thousand tests per

day in the United States. Additional health measures, such as capillary contact tracing could

enhance the effectiveness of testing even if the wide scale implied by our calculations could not

be achieved.

6 Conclusion

A precipitous decline in employment brought about by the spread of an infectious disease can

increase economic costs non-linearly if it ends up compromising linkages in the production struc-

ture that are critical for the working of the economy as a whole. To explore the economics of this

scenario, we specify a two-sector model featuring a set of industries that produce core inputs

used by all the other industries. Essential to our result is that these core inputs are both poorly

substitutable with other inputs, and produced subject to a minimum scale of production.

Once combined with an epidemiological model, our integrated assessment framework suggests

that the way an unchecked spread of an epidemic can create vast damage to the economy is by

32 The cost estimate of $100 in our calculations is based on the Medicare reimbursement rate for Covid-19 tests
in force at the time of writing.
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bringing the core industries to operate at their minimum scale—with the result of undermining

efficient production in other sectors and thus aggregate economic activity. This is an argument

for social distancing, on top of the argument stressing the need to reduce the loss of human life

resulting from congestion overwhelming hospitals and health care systems.

In our model, the direct economic cost of the disease stems from the inability of symptomatic

infected individuals to continue working. The indirect costs come from the constraint that mal-

functioning core industries may place on other industries via input-output linkages. Social

distancing measures modulated to shield essential economic linkages can buffet the fall in aggre-

gate economic activity effectively and without compromising the primary goal of flattening the

infection curve. The experiments we consider in this paper consist of applying social distancing

measures to the non-working-age population, and to parts of the labor force—proportionately

more to workers in non-core industries and to occupations that involve tasks that can be per-

formed from home. These measures work through a key epidemiological externality that ends

up protecting workers in the core industries.

Simulations of our integrated assessment model for infectious diseases suggest that even

moderate public health restrictions may actually improve economic outcomes relative to inaction.

Nonetheless, we reiterate that the goals of our analysis are specific and modest. There are many

missing elements that would be required for a precise quantification and/or the assessment and

design of optimal policy, and we shy away from the difficult task of assigning an economic value

to the loss of life.

In particular, our stylized model abstracts from the endogenous fall in demand due to finan-

cial frictions and nominal rigidities. We also stress that we do not explicitly take into account

issues in the congestion of the health care system. Given the range of current estimates for

the parameters governing the epidemiological model, the least costly public health measures

we consider in our baseline—keeping at home workers that can continue working from home,

and extending a lockdown of the young and elderly in the same proportion as for the working

population—seems unlikely to reduce the share of infected individuals to an extent sufficient to

avoid overwhelming the health care system.

We attempt to offer some rough estimates of the cost of imposing lockdowns that can bring

down the infection peak from the level implied by our baseline without intervention. We focus on

measures that could keep the peak population share of infected individuals below 1.5 percent for
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18 months. Our calculations point to a wide range of possible costs stemming from the reduction

in labor supply. Depending on which parameters we use for the epidemiological segment of the

model, the least costly social distancing measures we consider could avoid a reduction in labor

supply altogether—but could also cause GDP losses as high as 40 percent of GDP for the

duration of the wait. Because of the lingering uncertainty on the way the disease spreads, these

estimates cannot be but useful blueprints for further analysis.
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Table 1: Parameters for the Integrated Assessment Model

Parameter Used to Determine Parameter Used to Determine

β = 0.2 contact rate (daily) γ = 1/20 removal rate (daily)

̟ = 0 death rate (daily) ϑ = 1 effectiveness social distancing

ι = 0.40 share of symptomatic infectives N1 = 0.25 size Group 1

N2 = 0.40 size Group 2 N3 = 0.35 size Group 3

υ1 = 0.15 share working from home Sector/Group 1 υ2 = 0.40 share working from home Sector/Group 2

θ = 1− 4

100
/12 discount factor (monthly) δ = 1

10
/12 capital depreciation rate (monthly)

κ = 0.6 habit persistence ν = 0.001 elasticity capacity utilization

φ = 0 degree of capital reversibility 1− ω = 0.27 quasi-share value added Sector 1

η = 2 scaling parameter Sector 1 χ = 1

2
N1 minimum scale Sector 1

ρ = 1

1−1/3 substitution elasticity Sectors 1 and 2 α = 0.3 share capital in production Sector 2

Note: This table summarizes the parameterization of the baseline integrated assessment model.
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Table 2: The Core Sector: Share of GDP and of Employment

Line Sector Value Added,$ bn. Percent of GDP Percent of Employment

3 Agriculture, forestry, fishing, and hunting 166.5 0.81 2.65

10 Utilities 325.9 1.58 0.52

26 Food and beverage and tobacco products 268.9 1.31 1.86

31 Petroleum and coal products 172.2 0.84 0.12

37 Food and beverage stores 156.4 0.76 2.2

40 Transportation and warehousing 658.1 3.2 5.27

76 Health care and social assistance 1536.9 7.47 8.66

91 Federal government, general services 729.0 3.54 0.88

96 State government, general services 1600.5 7.78 15.38

Total 5614.4 27.29 37.56

Source: Authors’ calculations based on Bureau of Economic Analysis, GDP by Industry, and Bureau of Labor Statistics,

Productivity Release.
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Figure 1: Dynamics in the SIR Model
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Note: The paths shown are for the total population. The parameters β and γ are 0.2 and and 1/20, respectively,
implying that R0 is 4. The contact rates are assumed to be identical across groups.
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Figure 2: Aggregate Economic Consequences of COVID-19 Without Social Distancing: Com-
paring One-Sector and Two-Sector Modeling Approaches
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Note: In this figure, we assume that no social distancing measures are taken to reduce the spread of the disease.
The economic costs stem from the reduction in labor supply from symptomatic infected individuals. Based on
the case study for the Diamond Princess cruise ship, we assume that 40 percent of individuals of working age
would be asymptomatic when infected and, in the absence of widespread testing, would continue working.
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Figure 3: Sectoral Economic Consequences of COVID-19 Without Social Distancing
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6. Value Added, Sector 2

Note: This figure provides additional sectoral details for the two-sector model, complementing the paths for
aggregate variables shown in Figure 2.
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Figure 4: Dynamics in the Three-Group SIR Model
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Note: The top panel presents the aggregate output of our three-group SIR model for the case of no intervention.
The other panels pertain to a health policy that locks down individuals in Group 1 and Group 2 who can continue
working from home (15 and 40 percent, respectively), and individuals in Group 3, who are not in the labor force,
in the same proportion as for the overall population (about 30 percent). To avoid a resurgence of the disease,
the lockdowns last 8 months.
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Figure 5: Comparing the Aggregate Economic Consequences of COVID-19 with and Without
Social Distancing: A Two-Sector Approach
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6. Investment          

Note: This figure compares the economic consequences of no health policy intervention and of the social distancing
policy whose health outcomes are more fully illustrated in Figure 4. The health policy considered here locks
down individuals in groups 1 and 2 who can continue working from home (15 and 40 percent, respectively) and
are assumed to be equally productive at home. Individuals in Group 3, those who are not in the labor force, are
locked down in the same proportion as for the overall population (about 30 percent). To avoid a resurgence of
the disease, the lockdowns last 8 months.
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Figure 6: Comparing the Sectoral Economic Consequences of COVID-19 with and Without
Social Distancing
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6. Value Added, Sector 2

Note: This figure provides additional sectoral details for the two-sector model, complementing the paths for
aggregate variables shown in Figure 5
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Figure 7: More Aggressive Social Distancing Measures
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6. Investment          

Note: The health policy considered locks down 18 percent of individuals in Group 1 and 45 percent in Group 2,
increases of 3 and 5 percentage points, respectively, relative to the case of Figure 5. Individuals in Group 3, who
are not in the labor force, continue to be locked down in the same proportion as for Groups 1 and 2 combined
(about 35 percent, compared with 30 percent for the previous case). To avoid a resurgence of the disease, the
lockdowns last 9 months, one month longer than for the previous case.
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Figure 8: Social Distancing Gone Wrong
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6. Investment          

Note: Under the health policy considered, 40 percent of individuals in Group 1 and 90 percent of individuals in
both Group 2 and Group 3 are locked down for a period of 3 months, after which, all measures are lifted.
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Figure 9: Waiting for a Vaccine
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6. Investment          

Note: To keep the peak share of infected individuals below 1.5 percent of the population, we set lockdown shares
of 25, 60, and 47 percent for Groups 1, 2, and 3, respectively (note that the lockdown share for Group 3 is the
same as for the overall population). The lockdown shares in Groups 1 and 2 were chosen to align the reduction
in value added across the two economic sectors, compressing the decline in aggregate output. A vaccine that is
perfectly effective is assumed to become available after 18 months.
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Appendix

A Additional Details for the Two-Sector Model

This appendix derives the equilibrium conditions for the two-sector model and the steady-state
condition. Finally, it also shows the derivation of the elasticity of substitution between the two
factor inputs in the production function for final output goods.

A.1 Equilibrium conditions

Households maximize

maxct,λc,t,it,kt,λk,t,ut,λi,t
Et

∑

∞

i=0 β
i [log(ct+i − κct+i−1)

+λc,t+i

(

−ct+i − it+i + w1,t+il1,t+i + w2,t+il2,t+i + rk,t+iutkt+i−1 − ν0
u1+ν
t

1+ν

)

+λk,t+i (−kt+i + (1− δ)kt+i−1 + it+i) + λi,t+i (it − φi)] .

These are the first-order conditions from the households’ problem:

1

ct − κct−1
− θκEt

1

ct+1 − κct
= λc,t, (25)

ct + it = w1,tl1,t + w2,tl2,t + rk,tkt−1, (26)

λc,t = λk,t + λi,t+i, (27)

Etλc,t+1rk,t+1ut+1 − λk,t + θ(1− δ)Etλk,t+1 = 0, (28)

kt = (1− δ)kt−1 + it, (29)

λc,trk,tkt−1 = λc,tν0u
ν
t , (30)

and the complementary slackness condition

λi,t+i (it − φi) = 0. (31)

Firms in Sector 1 solve this cost-minimization problem

min
l1t

wtl
1
t + p1t

[

v1 − η
(

l1t − ν
)]

And from the production function, we also have that

v1,t = max [η (l1,t − χ) , 0] (32)

and that
wt = ηp1,t. (33)

Firms in Sector 2 solve this cost-minimization problem

minutkt−1,l2,t,v1,t rk,tutkt−1 + w2,tl2,t + p1,tv1,t

+

[

yt −
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ

(

(utkt−1)
α (l2,t)

1−α
)

1

1+ρ

)1+ρ
]
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Notice that firms choose utkt−1 as if it were a single input, representing capital services. The
first-order conditions for this problem are:

rk,t − (1 + ρ)
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ

(

kα
t−1l

1−α
2,t

)
1

1+ρ

)ρ

1
1+ρ

ω
ρ

1+ρ

(

(utkt−1)
α l1−α

2,t

)
1

1+ρ
−1

α (utkt−1)
α−1 l1−α

2,t = 0.

Notice that yx =
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ

(

(utkt−1)
α (l2,t)

1−α
)

1

1+ρ

)(1+ρ)x

. Find x, such that

x(1 + ρ) = ρ. That is x = ρ

1+ρ
. Accordingly,

rk,t − y
ρ

1+ρω
ρ

1+ρ (v2,t)
−

ρ

1+ρ α
v2,t

utkt−1

= 0.

Which can be further simplified as

rk,t = α

(

ω
yt
v2,t

)
ρ

1+ρ v2,t
utkt−1

. (34)

w2,t = (1− α)

(

ω
yt
v2,t

)
ρ

1+ρ v2,t
l2,t

. (35)

p1,t−(1 + ρ)
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ

(

(utkt−1)
α (l2,t)

1−α
)

1

1+ρ

)ρ 1

1 + ρ
(1−ω)

ρ

1+ρ (v1,t)
1

1+ρ
−1 = 0.

Simplifying
p1,t − y

ρ

1+ρ (1− ω)
ρ

1+ρ (v1,t)
−

ρ

1+ρ = 0.

p1,t =

(

(1− ω) y

v1,t

)
ρ

1+ρ

. (36)

And from the production function,

yt =
(

(1− ω)
ρ

1+ρ (v1,t)
1

1+ρ + ω
ρ

1+ρ (v2,t)
1

1+ρ

)1+ρ

(37)

and where
v2,t = (utkt−1)

α (l2,t)
1−α . (38)

And from the budget constraint we can derive that the goods market must clear

yt = ct + it + ν0
u1+ν
t

1 + ν
.

The 13 equations above allow us to determine 14 variables yt, v1,t, v2,t, ct, it, kt, ut, λc,t, λi,t,
λk,t, p1,t, w1,t, w2,t, rk,t, with l1,t and l2,t determined by exogenous processes.

A.2 Steady-State Conditions

Set ut = 1 and later set ν0 to support this choice. Notice that the investment constraint must
be slack in the steady state, so
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λi = 0. (39)

Using
λc,t = λk,t + λi,t,

and λc,trk,t − λk,t + θ(1− δ)Etλi,t+1 = 0, we can see that

rk = 1− θ(1− δ). (40)

Using

rk = α

(

ω
y

v2

)
ρ

1+ρ v2
k

(41)

and combining it with rk = 1− θ(1− δ), we can use a numerical solver to get k, given l1 and l2.
Knowing k, and with

v1 = η(l1 − χ), (42)

we can solve for y using the production function

y =
(

(1− ω)
ρ

1+ρ (v1)
1

1+ρ + ω
ρ

1+ρ

(

kα (l2)
1−α
)

1

1+ρ

)1+ρ

(43)

From kt = (1− δ)kt−1 + it, we have that

i = δk (44)

Using λc,trk,tkt−1 = λc,tν0u
ν
t , find the value of ν0 that ensures u = 1. Accordingly

ν0 = rkk (45)

And using the resource constraint, we can solve for c

c = y − i− ν0
u1+ν
t

1 + ν
(46)

λc =
1

(1− κ) c
− θκ

1

(1− κ) c
. (47)

λk = λc (48)

p1 =

(

(1− ω) y

l1

)
ρ

1+ρ

(49)

w1 = ηp1 (50)

v2 = kα (l2)
1−α (51)
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w2 = (1− α)

(

ω
y

v2

)
ρ

1+ρ v2
l2

(52)

A.3 Deriving the Elasticity of Substitution for the Production Func-

tion of Sector 2

yt =
(

(1− ω)
ρ

1+ρ (v1t)
1

1+ρ + ω
ρ

1+ρ (v2,t)
1

1+ρ

)1+ρ

∂yt
∂v1,t

= (1 + ρ)
(

(1− ω)
ρ

1+ρ (η(l1,t − ν))
1

1+ρ + ω
ρ

1+ρ (v2,t)
1

1+ρ

)ρ 1

1 + ρ
(1− ω)

ρ
1+ρ (v1,t)

1

1+ρ
−1

Notice again that yx =
(

(1− ω)
ρ

1+ρ (η(l1,t − ν))
1

1+ρ + ω
ρ

1+ρ (v2,t)
1

1+ρ

)(1+ρ)x

. Find x, such that

x(1 + ρ) = ρ. That is x = ρ

1+ρ
. Accordingly,

∂yt
∂v1,t

= y
ρ

1+ρ (1− ω)
ρ

1+ρη (v1,t)
−

ρ

1+ρ

∂yt
∂v2,t

= y
ρ

1+ρ (ω)
ρ

1+ρ (v2,t)
−

ρ

1+ρ

∂yt
∂v1,t

∂yt
∂v2,t

=
(1− ω)

ρ

1+ρ (v1,t)
−

ρ

1+ρ

(ω)
ρ

1+ρ (v2,t)
−

ρ

1+ρ

log

∂yt
∂v1,t

∂yt
∂v2,t

= log

(

(1− ω)
ρ

1+ρ (v1,t)
−

ρ

1+ρ

(ω)
ρ

1+ρ (v2,t)
−

ρ

1+ρ

)

= log

(

(1− ω)
ρ

1+ρ

(ω)
ρ

1+ρ

)

+
ρ

1 + ρ
log

v2,t
v1,t

The elasticity id given by

Elast =
dlog(v2,t/v1,t)

dlog( ∂yt
∂v1,t

/ ∂yt
∂v2,t

)
=

1 + ρ

ρ

Therefore to hit a destired elasticity set ρ as

ρElast− ρ = 1

ρ =
1

Elast− 1
.
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B Additional Sensitivity Analysis

Figures A.1 and A.2 offer sensitivity analysis pertaining to the comparison on the economic
effects of the Spread of COVID-19 without any social distancing measures. The compare the
economic effects using one- and two-sector models. Figure A.1 shows dynamic responses anal-
ogous to those in Figure 2, but increases the minimum scale parameter χ from one-half of the
steady state labor supply to six-tenths. Figure A.2 considers sensitivity to a range of values of
the contact rate parameter, β. It shows that the differences between the one- and two-sector
models persist as long as the contact rate does not drop below about 0.075, a level that would
also curtail the spread of the disease.

Figures A.3 and A.4 complement the discussion of the cost of waiting for a vaccine offered
in Section 4.3.3. They pertain, respectively, to sensitivity analysis to the effectiveness of the
lockdown and to the share to of the population to which the lockdown applies.
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Figure A.1: Aggregate Economic Consequences of COVID-19 Without Social Distancing: An
Increase in the Minimum Scale of Sector 1

2 4 6 8 10 12

5

10

15

20

25

30

35

%
 o

f 
p
o
p
u
la

ti
o
n
  
  
  
  
 

1. Infected, Group 1 and 2 Total

2 4 6 8 10 12

5

10

15

20

%
 o

f 
p
o
p
u
la

ti
o
n
  
  
  
  
 

2. Infected                     

Group 1

Group 2

2 4 6 8 10 12

-40

-30

-20

-10

0

%
 d

e
v
. 
fr

o
m

 s
te

a
d
y
 s

ta
te

3. Output, Total                

Two-sector model

One-sector model

2 4 6 8 10 12

-60

-50

-40

-30

-20

-10

%
 d

e
v
. 
fr

o
m

 s
te

a
d
y
 s

ta
te

4. Capacity Utilization         

2 4 6 8 10 12

Months

-30

-25

-20

-15

-10

-5

0

%
 d

e
v
. 
fr

o
m

 s
te

a
d
y
 s

ta
te

5. Consumption                  

2 4 6 8 10 12

Months

-100

-50

0

50

%
 d

e
v
. 
fr

o
m

 s
te

a
d
y
 s

ta
te

6. Investment                   

Note: We assume that no social distancing measures are taken to reduce the spread of the disease. The output
loss stems from the reduction in labor supply from symptomatic infected individuals. For the case shown here,
we have increased the minimum scale parameter for Sector 1, χ, to five-sixths of the steady state labor input, as
opposed to one-half in the baseline calibration.
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Figure A.2: Comparing the Aggregate Economic Consequences of COVID-19 Without Social
Distancing in One- and Two-Sector Models: Sensitivity to the Contact Rate
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A Higher Minimum Scale Parameter For Sector 2

Note: We assume that no social distancing measures are taken to reduce the spread of the disease. The output
loss stems from the reduction in labor supply from symptomatic infected individuals. The figure shows the
cumulative output loss over six months alternatively based on one- and two-sector models for different values of
β (set at 0.2 in our baseline). The top panel keeps all other parameters at their baseline values. For the bottom
panel, we have increased the minimum scale parameter for Sector 1, χ, to five-sixths of the steady state labor
input, as opposed to one-half in the baseline calibration.
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Figure A.3: Waiting for a Vaccine: Assuming a Lower Effectiveness of the Lockdown at Reducing
Contact Rates
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6. Investment          

Note: We model the reduction in effectiveness by setting ϑ to 0.8. Raising the share of individuals in Groups
1, 2 and 3 to 32, 75, and 59 percent, respectively, as considered here, can keep the share of infective individuals
below 1.5 percent while waiting for a vaccine for 18 months.
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Figure A.4: Waiting for a Vaccine
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6. Investment          

Note: The alternative policy considered extends the lockdown to 80 percent of individuals outside the labor
force, those in Group 3 (with an effectiveness parameter ϑ equal to 1). This change would achieve the target of
a 1.5 percent share of infected individuals even with a reduction of the shares of individuals in Groups 1 and 2
under lockdown to 17 and 44 percent, respectively.
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the number of COVID-19 cases and deaths as well as on real-time 
containment measures implemented by countries around the world. 
Results suggest that containment measures have been, on average, 
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I.   INTRODUCTION  

Since the outbreak was first reported in Wuhan, China in late-December 2019, the corona 

virus disease (COVID-19) has spread to over 200 countries and territories globally (Figure 1, 

panel A). As of May 11, more than 4 million cases have been confirmed, resulting in nearly 300 

thousand deaths. 

 In the absence of a vaccine or effective treatments, many countries have responded by 

implementing several non-pharmaceutical interventions to halt the spread of the virus and limit 

the number of fatalities. Interventions included improved diagnostic testing and contact tracing, 

isolation and quarantine for infected people, and most notably measures aimed at reducing 

mobility and creating social distancing (containment measures, hereafter). While the extent and 

type of containment measures introduced varies across countries, most countries have introduced 

a combination of: (i) school closures; (ii) workplace closures; (iii) cancellation of public events; 

(iv) restrictions on size of gatherings ; (v) closures of public transport; (vi) stay-at-home orders; 

(vii) restrictions on internal movement; (viii) restrictions on international travel. Figure 1 (panel 

B) presents the broad patterns of containment measures across time and country groups, based on 

a composite index of these measures (see next section for detail). 

To date, it remains unclear the extent to which these unprecedented measures have been 

successful and what would have been the number of cases and fatalities in the absence of these 

interventions. Indeed, despite significant theoretical contributions on the topic, to the best of our 

knowledge, the quantitative effect of these measures has not yet been examined, beyond China 

(see next section for a brief review). We try to address this gap by using daily data on the number 

of COVID-19 cases and deaths as well as on real-time containment measures implemented by 

129 countries around the world.  

54
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 5
3-

86



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

 
 

Establishing causality is difficult in this context because, as illustrated in Figure 1, countries have 

introduced containment measures in response to the spread of the virus. This implies that addressing 

causality requires the researcher to effectively control for this endogenous response. Failure to control for 

possible reverse causality would result in estimates of the effect of containment measures on infections 

and deaths being upward biased—that is, toward not finding significant effectiveness. 

We address this issue by controlling for the change in the number of infected cases (or 

deaths) occurring in the day before the implementation of containment measures. Given lags in the 

implementation of interventions at daily frequency, this allows one to effectively control for the 

endogenous response of containment measures to the spread of the virus. To further account for 

expectations about the country-specific evolution of the pandemic, we also control for country-

specific linear, quadratic, and cubic time trends. 

Results suggest that containment measures have been, on average, very effective in 

flattening the “pandemic curve” and reducing the number of fatalities. These effects have been 

stronger in countries where containment measures have been implemented faster and have 

resulted in more “de facto” social distancing and in those with lower temperatures, lower 

population density, a larger share of elderly population, and stronger health systems. Across 

different types of containment measure, stay-at-home orders seem to have been most effective in 

limiting the number of deaths. 

The remainder of the paper is structured as follows. Section II provides a brief review of 

the rapidly growing literature on the effect on containment measures on the COVID-19 

pandemic. Section III describes the data and econometric methodology. Section IV presents our 

results on the effect of containment measures on COVID-19 cases and fatalities, and how these 
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effects vary across countries (depending on country-specific characteristics) and type of 

containment measure. The last section concludes. 

 

II.   RELATED LITERATURE  

The literature on the effectiveness of containment measures is rapidly expanding. The 

empirical strand of these studies focuses on the impact of measures in China. Kraemer et al. 

(2020) match real-time mobility data from Wuhan with detailed case data of travel history to 

showcase the role of mobility in the transmission of COVID-19 across cities in China, as well as 

the impact of control measures on the spread of the epidemic. They find that while mobility 

played a large role in the spread of the virus initially, after the implementation of control 

measures, the correlation between infection growth rates and mobility dropped significantly.  

Chinazzi et al. (2020) use a global metapopulation disease model to project the impact of 

travel restrictions on the spread of COVID-19. The model estimates that while travel restrictions 

reduced case importations outside China significantly, they would not impact the trajectory of 

the pandemic if they are not combined with a reduction in the transmissibility of the disease.   

H. Tian et al. (2020) investigate the role of the Wuhan travel ban and public health non-

pharmaceutical interventions (NPI) in China on the reproduction number (𝑅𝑅0) of COVID-19, 

using a geocoded repository of COVID-19 data. They find that the reproduction number fell 

significantly after travel restrictions and public health interventions were implemented.  

Cowling et al. (2020) use cross-sectional telephone surveys to model social behavior 

towards COVID-19 in Hong Kong SAR, and then examine the impact of NPIs and social 

behavior on COVID-19 transmission. They find that social distancing measures and behavioral 
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changes coincided with a substantial drop in influenza transmission in February 2020, which 

suggests a similar impact on COVID-19 transmission rates.    

Modelling approaches have also been used to understand the impact of containment 

measures. Eichenbaum, Rebelo and Trabandt (2020) extend the classic SIR model by Kermack 

and McKendrick (1927) to study the equilibrium interactions between economic decisions and 

the dynamics of epidemics. Their model finds that, while people’s decisions to cut back on work 

and consumption reduce fatalities, they exacerbate the recession during an epidemic.  

Forslid and Herzing (2020) use a basic epidemiologic model calibrated to resemble 

COVID-19 dynamics to study the implications of quarantines. They find that the implementation 

of early quarantine can delay but not alter the course of a pandemic, while delaying quarantine 

reduces both deaths and economic costs but results in a higher peak infection.  

Brotherhood et al. (2020) calibrate a standard SIR epidemiological model to investigate 

the role of testing and quarantine measures. They find that imposing restrictions for the young 

(given limited mobility of the elderly) can prolong the epidemic as herd immunity is delayed and 

expose the elderly to extended periods of risk. They also find that testing and quarantine would 

significantly reduce infections, even if only targeted to the young, who are highly mobile. 

Finally, their results suggest that quarantines are most efficient close to when a vaccine is in 

place, so that the disease has a lower chance of rebounding.    
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III.   DATA AND METHODOLOGY 

A.   Data  

We assemble a comprehensive daily database across many areas. 

 

COVID-19 infections and deaths  

Data on infections and deaths are collected from the COVID-19 Dashboard1, which is 

sourced by the Coronavirus Resource Center of Johns Hopkins University. Coverage begins 

from January 22, 2020 and provides the location and number of confirmed cases, deaths, and 

recoveries for 208 affected countries and regions. For this paper, the data cut-off is May 11, 

2020. 

 
Containment measures 

We use data Oxford’s COVID-19 Government Response Tracker2 (OxCGRT) for 

containment measures. OxCGRT collects information on government policy responses, scores 

the stringency of the measures, and aggregates the data into a common Stringency Index. In 

addition to the Stringency Index, this paper uses eight containment measures from the database, 

namely: (i) school closures; (ii) workplace closures; (iii) public event cancellations; (iv) 

gathering restrictions; (v) public transportation closures; (vi) stay-at-home orders; (vii) 

restrictions on internal movement; and (viii) international travel bans. This database starts on 

January 1, 2020 and covers 151 countries/regions.  

 

 
1 COVID-19 Map, JHU Coronavirus Resource Center, Accessed May 11, 2020 
https://coronavirus.jhu.edu/map.html.  
2 “Coronavirus Government Response Tracker.” Blavatnik School of Government. Accessed May 11, 2020. 
https://www.bsg.ox.ac.uk/research/research-projects/coronavirus-government-response-tracker. 
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Additional controls used are: 

 

Temperature and humidity 

We include daily data on mean temperature and humidity for 95 countries. The data are 

collected from the Air Quality Open Data Platform and include humidity and temperature for 

each major city, based on the median of several stations, in 95 countries from January 1, 2020.3  

 

Tests conducted 

We use daily data on COVID-19 tests from Our World in Data, an open source platform 

drawn from countries’ Ministry of Health.4  The dataset covers total tests conducted and tests per 

thousand people in 84 countries from January 1, 2020 onwards. Given limited data coverage on 

testing, this variable is not used in the baseline specification and but in the robustness check 

analysis. 

 
Population density and age structure  

We use indicators which are relevant to the COVID-19 pandemic, such as population 

density and age structure. Indicators are sourced from The World Development Indicators 

database,5 which is developed by the World Bank Group and compiled from official international 

sources. Data coverage includes 189 member countries, with the latest available data.  

 
3 COVID-19 Worldwide Air Quality Data. Accessed May 11, 2020. https://aqicn.org/data-platform/COVID-
19/report/  
 
4 Hasell, Joe, COVID-19 Testing - Statistics and Research.” https://ourworldindata.org/coronavirus-testing.  
5 “World Development Indicators.” Washington, D.C.: The World Bank. Accessed May 11, 2020. 
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Health robustness indices  

We use two different indices for health robustness. The first is the Global Health Security 

index, published by the Johns Hopkins Center for Health Security, which provides a 

comprehensive assessment of health security across 195 countries.6 It generates an index based 

on countries’ health scores for the following six categories: (i) prevention of the emergence or 

release of pathogens; (ii) early detection and reporting for epidemics of potential international 

concern; (iii) rapid response to and mitigation of the spread of an epidemic; (iv) sufficient and 

robust health system to treat the sick and protect health workers; (v) commitments to improving 

national capacity, financing plans to address gaps, and adhering to global norms; and (vi) overall 

risk environment and country vulnerability to biological threats.  

We also use the Health Index, which measures the overall health condition of economies 

on a 0-7 scale. It is sourced from the 2019 Global Competitiveness Report by the World 

Economic Forum and covers 114 economies. 7 

 

Mobility Trends  

We use data provided by Apple Map’s Mobility Trends Report and Google Mobility 

Reports.8 Apple’s daily report produces walking and driving indices for 66 countries, sent from 

user’s devices to the Apple map server. Specifically, it measures the relative volume of direction 

requests. Data are available both for walking as well as driving directions. The report started 

from January 13, 2020. Google Mobility reports show how visits and lengths of stay have 

 
6 “The Global Health Security Index.” GHS Index. Accessed May 11, 2020. https://www.ghsindex.org.  
7 Schwab, Klaus; Sala i Martin, Xavier; World Economic Forum, "Global Competitiveness Report 2019", World 
Economic Forum, 10/2019. Accessed May 11, 2020. 
8 Apple Maps Mobility Trends Report, Accessed May 11, 2020. https://www.apple.com/covid19/mobility. 
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changed since containment measures have begun. Daily data is available for 89 countries in our 

dataset, with coverage beginning from February 15th 2020. 

 

B.   Methodology  

This section describes the empirical methodology used to examine the causal effect of 

containment measures on flattening the pandemic curve—that is, reducing the number of people 

infected—and reducing the number of deaths.  

Establishing causality is difficult in this context because, as illustrated in the previous 

sections, countries have introduced containment measures in response to the spread of the virus. This 

implies that addressing causality requires effectively controlling for this endogenous response. 

We address the reverse-causality issue by controlling for the change in the number of infected 

cases (or deaths) the day before the implementation of containment measures. Given lags in the 

implementation of containment measures at daily frequency, this allows the researcher to effectively 

control for the endogenous response of containment measures to the spread of the virus. To further 

account for expectations about the country-specific (exponential) evolution of the pandemic, we also 

control for country specific linear, quadratic and cubic time trends. 

Two econometric specifications are used to estimate the effect of containment 

measures on the number of confirmed COVID-19 cases and deaths. The first establishes 

whether containment had, on average, significant effects on infections and deaths. The 

second assesses whether these effects vary across countries depending on country-specific 

characteristics, such as the capacity of the health system, average temperature, the share of 

vulnerable (or elderly) persons in the population, etc.  
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We follow the approach proposed by Jordà (2005) to estimate the dynamic 

cumulative effect of containment measures on the number of confirmed COVID-19 cases and 

deaths, a methodology used also by Auerbach and Gorodnichenko (2013), Ramey and 

Zubairy (2018), and Alesina et al. (2019) among others. This procedure does not impose the 

dynamic restrictions embedded in vector autoregressions and is particularly suited to 

estimating nonlinearities in the dynamic response. The first regression we estimate is:  

 

∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ   (1) 

 

where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of deaths 

(infections), in country 𝑖𝑖 observed at date 𝑡𝑡. 𝑐𝑐𝑖𝑖,𝑡𝑡 denotes the OxCGRT Stringency Index. 𝑢𝑢𝑖𝑖 

are country-fixed effects to account for time-invariant country-specific characteristics (for 

example, population density, age profile of the population, health capacity, average 

temperature, etc.). 𝑋𝑋 is a vector of control variables which includes daily temperature and 

humidity levels, in addition to country-specific linear, quadratic and cubic time trends. 

The second specification allows the response to vary with countries characteristics. It 

is estimated as follows: 

 

∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1 − 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

∑ (1 − 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ  

with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖/(1 − 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖),     𝛾𝛾 > 0     (2) 

 

where z is a country-specific characteristic normalized to have zero mean and a unit variance. 
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 The weights assigned to each regime vary between 0 and 1 according to the weighting 

function 𝐹𝐹(. ), so that 𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) can be interpreted as the probability of being in a given state of the 

economy. The coefficients 𝛽𝛽𝐿𝐿𝑘𝑘and 𝛽𝛽𝐻𝐻𝑘𝑘 capture the impact of containment measures at each horizon 

h in cases of very low levels of z  (𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) ≈ 1 when z goes to minus infinity) and very high levels 

of z  (1 − 𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) ≈ 1 when z goes to plus infinity), respectively. 𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡)=0.5 is the cutoff between 

low and high country-specific characteristics—that is, for example, low and high health capacity. 

This approach is equivalent to the smooth transition autoregressive model developed 

by Granger and Terävistra (1993). The advantage of this approach is twofold. First, 

compared with a model in which each dependent variable would be interacted with a 

measure of country-specific characteristics, it permits a direct test of whether the effect of 

containment measures varies across different country-specific “regimes”. Second, compared 

with estimating structural vector autoregressions for each regime, it allows the effect of 

containment measures to vary smoothly across regimes by considering a continuum of states 

to compute impulse responses, thus making the functions more stable and precise. 

Equations (1 and 2) are estimated for each day h=0,..,30. Impulse response functions are 

computed using the estimated coefficients 𝜃𝜃ℎ, and the 95 percent confidence bands associated 

with the estimated impulse-response functions are obtained using the estimated standard errors 

of the coefficients 𝜃𝜃ℎ, based on robust standard errors clustered at the country level.  

Our sample consists of a balanced sample of 129 economies with at least 30 observation 

days after a significant outbreak (100 cases).9 

 
9 Similar results are obtained when using alternative thresholds. 
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IV.   RESULTS  

A.   Baseline 

 
Figure 2 shows the estimated dynamic cumulative response of the number of 

confirmed COVID-19 cases and death to a unitary change in the aggregate containment 

stringency index over the 30-day period following the implementation of the containment 

measure, together with the 95 percent confidence interval around the point estimate. Given 

the potentially large measurement errors in the number of cases and deaths, the precision of 

the estimated effects is remarkable. This is also overserved in the results for daily infections 

and deaths and not just the cumulative impacts shown in the impulse responses (Figure A1). 

The results provide strong evidence that containment measures, by reducing mobility 

(Figure A2), have significantly reduced the number of infections and the number of deaths. 

In particular, they suggest that countries that have put in place stringent measures, for 

example those implemented in Wuhan or in countries such as New Zealand (where the 

stringency index has moved from about 0 to 1), may have reduced the number of confirmed 

cases and deaths by around 200 percent relative to the underlying country-specific path in the 

absence of interventions. In addition, we find that lagged values of daily temperature and 

humidity affect significantly the number of cases and deaths, with cold and dry conditions 

facilitating the spread of the virus. 

We also find evidence to support the hypothesis that early intervention and 

containment have had a significant impact on infections and ultimate on mortality. For each 

country, we compute the public health response time (PHRT) as the number of days it takes 

for the country to implement containment measures after a significant outbreak (defined as 

100 confirmed cases). For calculating the PHRT, we include all non-pharmaceutical 
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interventions other than international travel restrictions, since these were often implemented 

before confirmed domestic outbreaks and as an effort to reduce exposure from people that 

had traveled to China. We find that containment measures in countries with low PHRT—that  

is, countries that put in place containment measures faster—reduced the average number of 

infections and deaths by 300 and 400 percent respectively, while the impact was not 

statistically significant at a 95 percent confidence interval for counties where the PHRT was 

relatively high (Figure 3).  

 

B.   Robustness checks 

We have carried out several robustness checks of these findings. Here, we discuss the 

main ones. First, since containment measures have been introduced first in China, there is the 

risk that the longer-term (30 days) results may simply reflect the observed flattening of the 

pandemic curve in China. To address this issue, we repeated the analysis excluding China from 

the sample.  Second, we checked whether the results are driven by the inclusion of the United 

States, which as of now is the country with the largest number of confirmed cases and deaths. 

Third, we included additional controls in the regressions that could be correlated with the 

number of cases and deaths, such as the daily change in the number of tests and daily time fixed 

effects. Fourth, instead of using an index of containment measures, which attempts to quantify 

the severity of the measures, we used a simple dummy variable to identify the start and end of 

containment and mitigation measures—this is similar to treating the containment measures as a 

shock. Another concern is that containment measures were announced before being implemented 

and, therefore, were anticipated. This may have resulted in reduced mobility ahead of the 

implementation of the containment measures and to an upward bias in the estimates. To check 
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for this possibility, we repeated the analysis adding changes in mobility as controls, for a more 

limited set of countries for which data are available. Finally, we experimented with the lag 

structure of the regressions, the horizon for the local projections and alternative specifications for 

the standard errors (e.g. Driscoll-Kraay standard errors). In all cases, the results are very similar 

to, and not statistically different from, the baseline—we report some of these results in Figure 4.  

 

C.   Role of country characteristics and health infrastructure 

This section examines whether the average effect of containment measures presented in 

the previous section varies across countries depending on country characteristics. It focuses on 

characteristics that are thought to influence the spread of the virus and its associated fatalities.  

Temperature 

While no strong consensus has been reached on the role of temperature in the 

transmission of the virus, emerging data as well as results discussed in the previous section 

suggest that cold and dry conditions may facilitate the spread of the novel coronavirus.10 To 

test for the role of temperature in affecting the effect of containment measures on infections 

and deaths, we estimated equation (2) using as an interaction variable the average country 

temperature in the first 4 months of 2020. The results in Figure 5 suggest that the effect of 

containment measures is stronger in countries with lower average temperatures. While 

stringent containment measures may have reduced the number of confirmed cases and deaths 

by more about 400 percent in countries with very low average temperature, they did not have 

 
10 https://www.cebm.net/covid-19/do-weather-conditions-influence-the-transmission-of-the-coronavirus-sars-cov-2/  
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statistically significant effects in countries with very high average temperate measures. 

Similar results are obtained for humidity. 

 
Age 

Information available on the virus suggests that people over the age of 65 are particularly 

vulnerable to its effects. For example, in the United States about 80 percent of total deaths are 

concentrated in this age group.11  To examine the role of age, we estimated equation (2) with an 

interaction variable that measures the share of the population above 65. The results presented in 

Figure 6 suggest that containment measures have had a large impact, both in terms of confirmed 

cases as well as lives saved, in countries with a relatively high share of the elderly population. In 

contrast, the impact is not statistically significantly different from zero in countries with a very 

young population. The result for cases may appear puzzling—COVID-19 is known to have a 

higher mortality rate for the elderly, but not necessarily a higher infection rate—but the results 

are an artefact of the data. Most countries in our sample have not tested for COVID-19 

universally; instead testing has been mostly restricted to people who are most sick or 

hospitalized. And since the elderly predominantly fall into this category, the number of cases 

confirmed with COVID-19 is disproportionately high in countries with a greater share of elderly. 

 
Population density 

 The spread of the virus is likely to be more difficult to control in countries with higher 

population density, where keeping social distancing is more difficult, all else equal. The results 

obtained by estimating equation (2) using population density as an interaction term confirm this 

hypothesis. In particular, we find that while stringent containment measures have been associated 

 
11 https://www.cdc.gov/nchs/nvss/vsrr/covid_weekly/index.htm  

67
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 5
3-

86

https://www.cdc.gov/nchs/nvss/vsrr/covid_weekly/index.htm


COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

 
 

with a reduction of about 400 percent of COVID-19 cases 30 days after implementation of the 

measures in countries with a low population density (Figure 7). In contrast, we do not find 

statistically significant differences between the effects of the measures on the number of deaths 

between low- and high-density population countries.   

 

Health preparedness  

Health preparedness is of paramount importance to detect the spread of the virus and 

contain it, as well as to cure those that get infected. To examine whether the effect of 

containment measures varies across countries based on their health security and capabilities, we 

estimate equation (2) using two alternative indicators of health preparedness: (i)  the Global 

Health Security Index from John Hopkins; and (ii) the Health Index complied by the World 

Economic Forum. The results obtained for both indicators paint a similar picture: containment 

measures are more effective in countries with higher health security and a better health index 

(Figure 8).12 In particular, while stringent containment measures may have reduced the number 

of confirmed cases and deaths by more about 400 percent in countries with very strong health 

systems, they did not have statistically significantly effects in countries with weak health 

capabilities.  

 

Mobility and de facto social distancing 

The analysis so far has relied on de jure measures of containment. However, the actual 

outcomes in terms of infections and deaths are likely to be determined by compliance with these 

 
12 Similar results are obtained for the individual sub-indices of the Global Health Security Index.  
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de jure measures. In order to assess the de facto impact of social distancing, we interacted the 

containment measures with data on mobility available from Apple mobility trends reports. The 

results suggest that containment measures have been more effective in countries where these 

measures resulted in lower mobility and greater social distancing in practice (Figure 9).  

 

D.   Types of containment measures 

In this section, we examine whether the effect of containment varies across types of 

measure: (i) school closures; (ii) workplace closures; (iii) cancellation of public events; (iv) 

restrictions on size of gathering; (v) closures of public transport; (vi) stay-at-home requirements; 

(vii) restrictions on internal movement; and (viii) restrictions on international travel. 

Estimating the overall effect of each measure is challenging, because many of these 

measures were often introduced simultaneously as part of the country’s response to limit the 

spread of the virus. Here, we use two alternative approaches to gauge the potential magnitude of 

the effect of each of these measures and highlight which type has been the most effective. In the 

first approach, we introduce each measure one at a time in equation (1). Clearly, the problem 

with this approach is that the estimates suffer from omitted variable bias. In the second approach, 

we include them all together. While this approach addresses omitted variable bias, given the high 

correlation across measures, the effects are likely to be less precisely estimated due to 

multicollinearity.  

The results from the two exercises are reported in Figure 10 and 11. They suggest that all 

measures have contributed to significantly reduce the number of COVID-19 cases and deaths, 

with stay-at-home orders appearing to have been more effective in reducing the number of 
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deaths. The results are similar when we use dummy variables for the date of implementation or 

removal of the various measures (instead of the indices that quantify also the severity).  

 

V.   CONCLUSIONS 

 
In the absence of a vaccine or effective treatments, containment measures are key to 

halting the spread of the virus and limiting the number of fatalities. In this paper, we have 

provided a first empirical assessment which quantifies the effectiveness of containment measures 

on the number of COVID-19 infections and deaths.  

While the approach is not based on controlled experiments, our approach based on daily 

data and real-time observations of containment measures should limit concerns about reverse 

causality (from the spread of the virus to the nature of containment policies). We thus consider 

our empirical estimates to provide a reasonable assessment of the causal effect of containment 

policies on infections and deaths. Specifically, we find that containment measures have 

significantly reduced the number of infections, and more importantly, the number of deaths. Our 

results suggests that countries that have put in place stringent measures, such as those 

implemented in Wuhan, China or in countries like New Zealand (where the stringency index has 

moved from about 0 to 1), may have reduced the number of confirmed cases and deaths by more 

than 200 percent relative to the underlying country-specific path in the absence of measures. This 

is particularly true for countries that put in place containment measures quickly.  

Containment measures have had stronger effects in countries where the measures were 

implemented faster and resulted in less mobility—de facto, more social distancing—and in 

countries with lower temperatures, lower population density, a larger share of older population, 

and stronger health systems. Among different types of containment measures, stay-at-home 

orders seems to have been more effective in reducing the number of deaths. 
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Figure 1: Evolution of Total Infection and Containment Measures 

Panel A. Total cases (log scale) Panel B. Stringency of containment measure 

  
Source: Haver, OxCGRT Stringency Index and IMF Staff calculations. 
Note: The index is scaled to vary between zero (least stringent) to 1 (most stringent) containment measures. It is comprised of the following categories: (i) School closing; (ii) 
Workplace closing; (iii) Cancel public events; (iv) Restrictions on gathering size; (v) Close public transport; (vi) Stay at home requirements; (vii) Restrictions on internal movement; 
(viii) Restrictions on international travel. 
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Figure 2: Effect of Containment Measures on Total Confirmed COVID-19 Cases and Deaths 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. The analysis is restricted to countries with a 
significant outbreak that has lasted at least 30 days. t = 0 is the date when the outbreak becomes significant (100 cases) in each country. The graph shows the response and 
confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ +
∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or deaths (depending on specification) in country 𝑖𝑖 observed 

at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is the index capturing the level of containment and mitigation measures; 𝑋𝑋 is 
a matrix of time varying control variables and country specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 3: Interaction with Public Health Response Time 
(percent deviation from baseline) 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 4: Robustness Checks 
Response to stringency of containment measures: ex China 

 
Response to stringency of containment measures: ex United States 

 
Response to stringency of containment measures: with time fixed-effects 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. t = 0 is the date when the 
outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. 
The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 +
𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or 
deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a 
lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  is the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time 
varying control variables and country specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 5: Interaction with Average Air Temperature 
(percent deviation from baseline) 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 6: Interaction with Share of Population above 65 years 
(percent deviation from baseline) 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 7: Interaction with Population Density 
(percent deviation from baseline) 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 8: Interaction with Health Security Index and Health Infrastructure 
(percent deviation from baseline) 

 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 9: Interaction with Mobility (Driving) 

(percent deviation from baseline) 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. The graph shows the response 
and confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates 
based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + 𝑢𝑢𝑡𝑡 + 𝜃𝜃ℎ𝐿𝐿𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡)𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝜃𝜃ℎ𝐻𝐻(1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝑐𝑐𝑖𝑖,𝑡𝑡 +  𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡) 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + ∑ (1− 𝐹𝐹(𝑧𝑧𝑖𝑖,𝑡𝑡))𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 +

𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ with  𝐹𝐹(𝑧𝑧𝑖𝑖𝑡𝑡) = 𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖
(1−𝑒𝑒𝑒𝑒𝑒𝑒−𝛾𝛾𝑧𝑧𝑖𝑖𝑖𝑖)

, 𝛾𝛾 > 0 where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases 
or deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡 and z is the country-specific characteristics normalized to 
have zero mean and a unit variance. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is 
the index capturing the level of containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country 
specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure 10a: Local projection response to different containment measures 
(percent deviation from baseline) 

 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. t = 0 is the date when the 
outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. 
The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 +
𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or 
deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a 
lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  is the index capturing different types containment and mitigation measures, introduced one at a 
time; 𝑋𝑋 is a matrix of time varying control variables and country specific linear, quadratic and cubic time trend. Results are based 
on May 11 data. 
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Figure 10b: Local projection response to different containment measures 
(percent deviation from baseline) 

 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. t = 0 is the date when the 
outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. 
The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 +
𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or 
deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a 
lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  is the index capturing different types containment and mitigation measures, introduced one at a 
time; 𝑋𝑋 is a matrix of time varying control variables and country specific linear, quadratic and cubic time trend. Results are based 
on May 11 data.  
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Figure 11a: Local projection response to different containment measures (together) 
(percent deviation from baseline) 

 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. t = 0 is the date when the 
outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. 
The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 +
𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or 
deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a 
lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  are indices capturing different types containment and mitigation measures, introduced 
simultaneously in the regression; 𝑋𝑋 is a matrix of time varying control variables and country specific linear, quadratic and cubic 
time trend. Results are based on May 11 data. 
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Figure 11b: Local projection response to different containment measures (together) 
(percent deviation from baseline) 

 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. 
The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. t = 0 is the date when the 
outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. 
The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 +
𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ + ∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or 
deaths (depending on specification) in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a 
lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  are indices capturing different types containment and mitigation measures, introduced 
simultaneously in the regression; 𝑋𝑋 is a matrix of time varying control variables and country specific linear, quadratic and cubic 
time trend. Results are based on May 11 data. 
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ANNEX 
 

Figure A1: Effect of Containment Measures on New Daily COVID-19 Cases and Deaths 

 
Note: Impulse response functions are estimated using a sample of 129 countries using daily data from the start of the outbreak. The analysis is restricted to countries with a 
significant outbreak that has lasted at least 30 days. t = 0 is the date when the outbreak becomes significant (100 cases) in each country. The graph shows the response and 
confidence bands at 95 percent. The horizontal axis shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ +
∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ
ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is the logarithm of the number of COVID-19 cases or deaths (depending on specification) in country 𝑖𝑖 observed 

at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡 is the index capturing the level of containment and mitigation measures; 𝑋𝑋 is 
a matrix of time varying control variables and country specific linear, quadratic and cubic time trend. Results are based on May 11 data. 
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Figure A2: Effect of Containment Measures on Mobility 

 
Note: Impulse response functions are estimated using a sample of 70 countries using daily data from the start of the outbreak. Google mobility and retail indices are reported as 
percent deviations for each day of the week to that corresponding day of the week in the baseline. They are smoothed out over 7 days to estimate the average deviation from 
the baseline, and then cumulated to report the total deviation from the baseline. The analysis is restricted to countries with a significant outbreak that has lasted at least 30 days. 
t = 0 is the date when the outbreak becomes significant (100 cases) in each country. The graph shows the response and confidence bands at 95 percent. The horizontal axis 
shows the response x days after the containment measures. Estimates based on ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ  =  𝑢𝑢𝑖𝑖 + θℎ𝑐𝑐𝑖𝑖,𝑡𝑡 + 𝑋𝑋′𝑖𝑖,𝑡𝑡Γℎ +∑ 𝜓𝜓ℎ,ℓ∆𝑑𝑑𝑖𝑖,𝑡𝑡−ℓℒ

ℓ=1 + 𝜀𝜀𝑖𝑖,𝑡𝑡+ℎ where ∆𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ = 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ − 𝑑𝑑𝑖𝑖,𝑡𝑡+ℎ−1 and 𝑑𝑑𝑖𝑖,𝑡𝑡 is 
the logarithm mobility in country 𝑖𝑖 observed at date 𝑡𝑡. The model is estimated at each horizon ℎ = 0, 1, …𝐻𝐻, with a lag structure ℓ = 1, 2 …ℒ; 𝑐𝑐𝑖𝑖,𝑡𝑡  is the index capturing the level of 
containment and mitigation measures; 𝑋𝑋 is a matrix of time varying control variables and country specific linear, quadratic and cubic time trend. Results are based on May 11 
data. 
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As COVID-19 has spread across the globe, several observers noticed that 
countries still administering an old vaccine against tuberculosis–the BCG 
vaccine–have had fewer COVID-19  cases and deaths per capita in the early 
stages of the outbreak. This paper uses a geographic regression discontinuity 
analysis to study whether and how COVID-19  prevalence changes 
discontinuously at the old border between West Germany and East Germany. 
The border used to separate two countries with very different vaccination 
policies during the Cold War era. We provide formal evidence that there is 
indeed a sizable discontinuity in COVID-19 cases at the border. However, we 
also find that the difference in novel coronavirus prevalence is uniform across 
age groups and show that this discontinuity disappears when commuter flows 
and demographics are accounted for. These findings are not in line with the 
BCG hypothesis. We then offer an alternative explanation for the East-West 
divide. We simulate a canonical SIR model of the epidemic in each German 
county, allowing infections to spread along commuting patterns. We find that 
in the simulated data, the number of cases also discontinuously declines as 
one crosses from west to east over the former border.

1 The views expressed in this paper are those of the authors and do not necessarily reflect the position of the 
Federal Reserve Bank of New York or the Federal Reserve System. We are grateful to Gerda Asmus, Melanie 
Krause and the seminar participants of the Omni-Method Group at UCSD for providing very helpful comments. 
Any errors or omissions are the responsibility of the authors. 

2 Leibniz University Hannover, Institute of Macroeconomics, and University of California San Diego, Department 
of Political Science.

3 Federal Reserve Bank of New York.
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1 Introduction

As COVID-19 has spread across the globe, there is an intense search for treatments and

vaccines, with numerous trials running in multiple countries. In light of this, there is

now a lively controversy over whether the Bacillus Calmette-Guérin (BCG) vaccine against

tuberculosis may somehow protect individuals against COVID-19 or limit its severity.

Multiple studies (see, e.g., Miller et al., 2020, Berg et al., 2020) pointed out that countries

with mandatory BCG vaccination tend to have substantially fewer coronavirus cases and

deaths per capita than countries without mandatory vaccination, and that the intensity of

the epidemic is lower for countries that began vaccinating earlier.1 At least eight clinical

trials are taking place across the globe2 in which some medical workers or volunteers receive

the BCG vaccine to test its effectiveness against COVID-19. These trials are likely to take

at least a year and the virus is still spreading globally at a rapid pace. As of now, the WHO

cautions that there is no evidence that the vaccine protects against the novel coronavirus.3

In this paper we propose a different way to test the hypothesis that BCG protects a large

share of vaccinated populations against coronavirus: a regression discontinuity analysis of

coronavirus cases at the former border between East Germany and West Germany. This

border separated capitalist West Germany from communist East Germany from 1949 to

1990 until the two countries were reunified as the current Federal Republic of Germany. In

line with many other Western European countries, West Germany discontinued a policy of

de facto universal BCG vaccination (which began in the 1950s) for the general population in

1975, while, equally in line with other former Soviet Bloc countries, East Germany strictly

enforced a policy of mandatory BCG vaccination at birth from 1953 until 1990. Although it is

known that other characteristics change discontinuously at the old East German border (even

before it existed, see Becker et al., 2020, Fuchs-Schündeln and Hassan, 2015, Alesina and

Fuchs-Schündeln, 2007), these differences are considerably smaller than if different countries

or regions are compared. Moreover, areas of Germany on both sides of the discontinuity have

been subject to the same state response to the COVID-19 pandemic. Other discontinuities

1This started a lively debate in the community on the fallacies of cross-country regressions. As our
approach differs from these studies, we only note that other studies which are not based on cross-country
data find no such effects, for example when looking at passengers on the Diamond Princess or when controlling
for countries’ intensity of testing for COVID-19 (Asahara, 2020).

2For example, the BRACE trial in Australia (NCT04327206), the BCG-CORONA trial in the Netherlands
(NCT04328441), and more recent trials in Brazil (NCT04369794), Columbia (NCT04362124), Denmark
(NCT04373291), Egypt (NCT04350931) and the United States (NCT04348370). ClinicalTrials.gov registry
codes are provided in parentheses.

3This warning was based on a review of the available evidence from three cross-country studies.
The scientific briefing is published here (www.who.int/publications-detail/bacille-calmette-gu%C3%
A9rin-(bcg)-vaccination-and-covid-19) and explained further in Curtis et al. (2020).
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are also less of a concern since we can exploit variation both in space and across age groups

to improve identification.

We find a strong discontinuity in cumulative COVID-19 cases across the old East German

border, with cases per million roughly halving at the border as of April 26 2020. This

discontinuity is robust to controlling for other variables that change discontinuously at the

border, such as population density, disposable income, average age and the fraction of the

population over 65, as well as age-adjusted death rates from all causes and from infectious

diseases.4 Importantly, while these control variables are discontinuous at the border, the

discontinuities typically go the “wrong way” in terms of their correlations with characteristics

that usually indicate more vulnerable populations. Counties on the eastern side of the border

are poorer, older and have higher death rates, although they have lower population density,

than counties just to the west of the border. We document that the initial geography of the

outbreak in wealthier and well-connected places implies that these correlations are reversed

from what intuition would suggest. For example, the outbreak is currently stronger in richer,

younger and generally healthier places of Germany.

Evidence from discontinuities in COVID-19 confirmed cases by age group suggests that

this discontinuity does not come from people on the eastern side of the border being protected

by the BCG vaccine. The timing of the adoption and the cessation of mandatory vaccination

in East and West Germany implies that the only age groups for which discontinuities should

be observed should be individuals between ages 30 and 45, as well as people between ages

59 and 69. For other age groups, there should be no direct effect of the BCG vaccine since

they were either unvaccinated or vaccinated on both sides of the border. However, there is

a discontinuous decrease in COVID-19 confirmed cases of approximately the same size as

one crosses the border into the east for every age group for which we have data, starting

with individuals who are 15 years old (people younger than 15 rarely manifest strong enough

COVID-19 symptoms to get tested).5

We provide further evidence on what could be giving rise to the discontinuity in

coronavirus cases at the old border to East Germany by considering the matrix of commuter

4Prominent newspapers in Germany have noticed that there is much lower COVID-19 prevalence
in the former East than in the West but offer only suggestive explanations (e.g., Die Zeit,
a German weekly, www.zeit.de/2020/13/coronavirus-ausbreitung-osten-westen-faktoren,
or Der Tagesspiegel, a Berlin-based German daily, www.tagesspiegel.de/politik/

mehr-flaeche-mehr-alte-warum-der-osten-weniger-unter-corona-leidet/25796940.html).
Moreover, low COVID-19 mortality in Germany as a whole has been the subject of media interest.

5One could expect that vaccinated individuals in a population offer some degree of protection to the
unvaccinated. In fact, medical research (Curtis et al., 2020) suggests that there may be a countervailing
effect as BCG-vaccinated places may have more asymptomatic individuals with a greater propensity to
spread the virus. Even if the overall spillover did offer protection to unvaccinated individuals, the resulting
discontinuity for such individuals should be smaller than for the population affected directly by the vaccine.
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flows across German counties. Apart from strong connections between major cities in the

West and Berlin, these flows still generally proceed within the former West or within the

former East rather than between both sides. Since the epidemic started in the West, these

flows imply that it was more likely that it would be transmitted more rapidly and widely

there than in the East. We simulate a SIR model with mobility flows between counties to

asses how mobility patterns shaped the geography of the pre-lockdown outbreak. In line

with our empirical evidence, we find that the model also generates a discontinuity at the

border, with more cases per capita on the western side relative to the eastern side, without

any reference to the BCG hypothesis.

An important caveat is that our study looks only at whether or not there is a long-run

effect of the BCG vaccine (roughly decades after it was administered). The BCG hypothesis

essentially comes in two variants. The broad version suggested by cross-country correlations

hypothesizes that people who have received this vaccine in the past (perhaps with refreshers)

develop no or comparatively milder symptoms of COVID-19 than those who have not, enough

for this to show up in the incidence of novel coronavirus cases around the world. If this were

true, the BCG vaccine would provide a respite to the developing world as the virus spreads

globally, which is why prominent news outlets have reported this correlation.6 This is the

question we address in this paper. However, the BCG vaccine’s positive effect on other viral

infections, such as yellow fever (Arts et al., 2018), is a trained response of the immune system

typically occurring within one to twelve months after it has been administered. The evidence

of such trained responses is mixed (for a review see Kandasamy et al., 2016) although recently

a consensus seems to have emerged that the protective effects on other diseases occur via

epigenetic reprogramming (Kleinnijenhuis et al., 2015, Covián et al., 2019). The narrow

version of the hypothesis suggests that the vaccine might have a short-run effect which could

offer some protection to health workers and other risk groups. Our research design cannot

test this aspect as the vaccine has been discontinued in both parts of Germany for 30 years.

Only the results from randomized trials can answer that question.

The remainder of the paper is organized as follows. Section 2 describes the county-level

data on cases, covariates, and commuter flows. Section 3 discuses the temporal differences

in BCG policies in Germany from partition to reunification and describes our empirical

strategy. Section 4 presents the results for discontinuities in overall cases, the most relevant

covariates, cases by age-groups, and the placebo test with cases simulated from a county-level

SIR model with mobility. Section 5 concludes.

6See, for example, The New York Times (www.nytimes.com/2020/04/03/health/
coronavirus-bcg-vaccine.html) or Bloomberg News (www.bloomberg.com/news/articles/2020-04-02/
fewer-coronavirus-deaths-seen-in-countries-that-mandate-tb-vaccine).

90
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 8
7-

11
4

www.nytimes.com/2020/04/03/health/coronavirus-bcg-vaccine.html
www.nytimes.com/2020/04/03/health/coronavirus-bcg-vaccine.html
www.bloomberg.com/news/articles/2020-04-02/fewer-coronavirus-deaths-seen-in-countries-that-mandate-tb-vaccine
www.bloomberg.com/news/articles/2020-04-02/fewer-coronavirus-deaths-seen-in-countries-that-mandate-tb-vaccine


COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

2 Data

COVID-19 spread in Germany: We obtain counts of cumulative cases of and deaths

from COVID-19 by German county (Kreis) and by age group for every date since February

29 2020 from the Robert Koch Institute’s Coronavirus Dashboard.7 Germany has one of the

most comprehensive testing regimes among the heavily affected countries.8 Nevertheless,

given the difficulties in recording asymptomatic cases of COVID-19 that may still be

contagious, it is very likely that the case counts we employ in this paper are a lower bound

for novel coronavirus infections in Germany.9 Streeck et al. (2020) study a large sample of

the city of Heinsberg—a community with an early a super-spreading event—and estimate

that the true case count is about five times larger than officially registered cases. We proceed

on the necessary assumption that the cumulative reported case count is a valid measure of

COVID-19 intensity in a given subpopulation, and that undercounting errors are uniform

across age groups and locations.

We start our analysis with a map of COVID-19 cases in Germany by county as of April

26 (see Figure 1). The former border between East and West Germany is outlined in red.

The darker the shading of a county, the more novel coronavirus cases per million inhabitants

it has. Several counties with high concentrations stand out (such as Heinsberg, bordering

the Netherlands, and much of Bavaria, both places where the epidemic was first recorded).

It is also clear that there is a greater density of COVID-19 cases around major cities (Berlin,

Hamburg or Stuttgart), similar to the United States. However, we immediately see that

counties just to the west of the former border are a much darker shade of blue than counties

just to its east.

County-level covariates: We collect four groups of county-level characteristics: income

and demographics, historical mortality, and commuting flows. Baseline characteristics of

each county (shapes, names and areas) are from the Federal Agency for Cartography and

Geodesy (Bundesamt für Kartographie und Geodäsi).

Measures of disposable income in 2017, the age distribution in 2018 (aggregated to

different age groups or shares), and population density in 2018 are taken from official

7The data are publicly available at corona.rki.de.
8By April 21 2020, Germany had conducted 2,072,669 tests or about 24,966 tests

per million people (Robert Koch-Institut, 2020). This is almost double the testing rate
in the United States, United Kingdom or South Korea, see www.businessinsider.com/

coronavirus-testing-per-capita-us-italy-south-korea-2020-4.
9These considerations may make it reasonable to treat cumulative case counts as an indication of the

severity rather than of the incidence of COVID-19, since very mild cases, which may account for the majority
of COVID-19 infections, typically do not lead to testing.
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Figure 1 – Covid-19 cases in Germany, April 26 2020, log(1 + cases/million)

Notes: Illustration of the spatial distribution of COVID-19 cases in Germany as of April 26, 2020. The
map shows the log(1 + cases/million people) in each county using population data from 2018.

statistics published by the federal statistical office and the statistical offices of each state.10

We also collect data on overall mortality (in 2017), mortality from selected infectious

diseases and mortality from respiratory diseases (both in 2016) from the same source.

Germany does not publish age-adjusted mortality figures. Given that the age-profile of

the population varies significantly across counties in Germany, we manually age-adjust all

mortality figures using the corresponding age distribution of the entire country in 2017 or

2016, respectively.11 This allows us to analyze regional mortality differences net of local

demographics.

Last but not least, we use the latest available data on commuting flows published by the

Federal Employment Agency (Bundesagentur für Arbeit). The agency regularly releases

an origin-destination matrix of commuting flows across German counties. These flows

capture about 33 million officially registered jobs (all jobs with social security contributions).

Approximately 39%, or 13 million, of the jobs are in a different county than the primary

10The data are available at www.regionalstatistik.de/genesis.
11The age-adjustment re-weights local mortality with the age profile of the entire country. We follow the

direct method used by the U.S. Centers for Disease Control (Klein and Schoenborn, 2001).
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tax residence of the employee. We use the county-to-county data from December 2019

to capture connections between western and eastern counties just before the outbreak of

the novel coronavirus. While this cannot account for all travel flows around the outbreak

perfectly, we assume that such unobserved flows follow the dominant pattern of employees

returning home.12

3 Empirical Strategy

Our study exploits a discontinues change in vaccination policies across the former border

dividing East and West Germany from 1949 until 1990.

Germany had a non-vaccination policy until the end of World War II and did not join

Red Cross-led vaccination campaigns in the early post-war years, even though tuberculosis

was widespread among the war-ravaged population.13 BCG policies then diverged quickly

when the country was divided. In 1953, the German Democratic Republic (GDR)

introduced mandatory vaccination for a variety of diseases, including the BCG vaccine

against tuberculosis.14 The policy lasted until the collapse of the GDR in 1990. The Federal

Republic of Germany only required mandatory vaccination for smallpox from 1949 until the

end of 1975. The BCG vaccine was highly recommended but administered on a voluntary

basis. In practice, vaccination of newborns was near universal by the mid-1960s.15 In 1974,

the policy was changed to vaccinate only children in risk groups and, in 1975, the BCG

vaccine was temporarily withdrawn from the market in the West. Neo-natal vaccination

practically ceased for two years (Genz, 1977). Voluntary vaccination of risk groups continued

thereafter until 1998 (Robert Koch-Institut, 1976, 1998) but few people were vaccinated in

West Germany from 1975 onward or in reunified Germany after 1990. Currently, no BCG

vaccine is licensed in Germany. We summarize these political changes in Table 1. We use

precisely these differences in vaccination policies across the former East and West, as well as

12A suitable alternative would be an origin-destination matrix derived from mobile phone movements
through the early months of 2020. However, Germany’s strong privacy protection laws have the side-effect
that such products are rarely produced by private companies.

13This decision was in part due to the “Lübeck vaccination disaster” in which 251 infants were vaccinated
with a BCG vaccine contaminated with live tuberculosis bacteria. Almost all children fell ill with tuberculosis
and 72 died, leading the Interior Ministry to reject BCG vaccination as unsafe in 1930 (Loddenkemper and
Konietzko, 2018).

14Enforcement in the GDR was strict. “From 1954 on, school children who had not yet been vaccinated
had to present a letter of exemption not only from their parents but also from a physician” (Harsch, 2012,
p. 420). Vaccinations substantially outstripped newborns in the early 1950s, suggesting that young adults
born before the GDR existed where also vaccinated ex post.

15Due to the decentralized nature of the West German health care system, the initial roll out of the
vaccination policy varied strongly by state in the 1950s. However, by 1964, practically all newborns in West
Germany were BCG vaccinated shortly after birth (Kreuser, 1967).
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across cohorts, to identify the effect of historical BCG vaccination on the spread of COVID-19

cases.

Table 1 – Timeline of vaccination policies in both parts of Germany, 1949 until today

Year West Germany (FRG) East Germany (GDR)

1949 First BCG vaccinations
1951-52 Extended program with GDR

manufactured BCG vaccine
1953 BCG vaccine is licensed Mandatory vaccination (with refresher),

target rate at least 95%
1955 Recommendation to vaccinate all

newborn children
Mid 1960s Near universal vaccination of newborns Near universal vaccination of newborns
1974 Recommendation to only vaccinate

children in risk groups
1975 BCG vaccination temporarily halted
1983 Further restriction to only those children

that have TB in the family
1988 Vaccine recommended only for children

that tested negative for tuberculin and
are risk groups

1990 Reunification, policies of FRG continue Reunification, policies of FRG apply
1998 Vaccination no longer recommended

Notes: Based on Klein (2013) and various sources cited in the text.

We employ two related techniques to exploit these policy discontinuities. For our baseline

estimates, we specify a spatial regression discontinuity (RD) design of the form

yc = α + βEastc + δ1dc + δ2 (dc ×Eastc) + λs(c) + εc if |dc < b| (1)

where c indexes counties (Kreise), yc is the outcome variable, Eastc indicates whether

the county was part of East Germany before reunification, dc is the distance of county c from

the former East German border (it is negative if Eastc = 0 and positive if Eastc = 1), and

λs(c) is a fixed effect for the border segment associated with county c. Border segments are

defined as pairs of bordering states (Bundesländer). Note that we drop Berlin throughout the

analysis and focus on the border separating the two larger countries, as Berlin in its entirety

cannot be cleanly assigned to either East or West. Following Gelman and Imbens (2019),

our specification uses an interacted local linear RD polynomial at a variety of plausible

bandwidths b, ranging from 50 km to 200 km. We select this range by computing optimal

bandwidths for the specification without border segment fixed effects according to various

criteria developed in the literature (Imbens and Kalyanaraman, 2011, Calonico et al., 2014).
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They vary by outcome but generally fall somewhere in the range between 80–200 km.

Spatial RD designs identify the causal effect directly at the border if three crucial

assumptions hold (see, e.g., Dell, 2010). First, all other factors besides our treatment variable

(BCG vaccination) should vary smoothly from counties just to the east and just to the west

of the border at the time it was drawn. The strength of the RD approach is that it non-

parametrically controls for these confounders, even if they are unobserved. Second, there

should be no compound treatment, so that counties belonging to the West or East of the

former border vary only according to the BCG regime. Third, there should be no selective

sorting at the border at the time of the treatment. The first and second assumption are

likely to be violated in our setting. As Becker et al. (2020) document, the post-war border is

already visible in many economic variables before World War II and East Germany differed

from West Germany in many more ways than its BCG vaccination policy. Selective sorting

is unlikely during the Cold War years and was probably not motivated by the different BCG

regimes, but selective migration did occur prior to the closing of the border in 1961. Hence,

the simple discontinuity design presented in eq. (1) has a number of flaws.

We address these concerns by additionally exploiting the temporal discontinuity across

cohorts. The RKI data reports COVID-19 cases for several cohorts, including those that

are currently 15–34 or 35–59 years old. Table 1 shows that most members of the first age

group did not get the vaccine anywhere. In the second group, everyone was vaccinated in

the East but only those above 45 years old could have received the vaccine in the West if

they were not part of the small risk group. The effect of pre-World War II confounders does

not vary specifically across these two age groups and any compound treatment mostly affects

the older cohort. We can therefore identify whether BCG vaccinations have an effect on the

COVID-19 cases by simply comparing the regression coefficients across these two groups.

Following Deshpande (2016), we can formalize this comparison by estimating a regression

discontinuity differences-in-differences (RD-DD) specification

yc,a = αa + βEastc + γEastc ×Olda + δ1dc + δ2dc ×Eastc+

δ3dc ×Olda + δ4dc ×Eastc ×Olda + λs(c),a + εc,a if |dc < b|
(2)

where a indexes age groups (15–34 and 35–59), Olda is an indicator for the age group 35–

59, and the intercept and the border segment fixed effects are allowed to vary by age group.

The coefficient of interest, γ, delivers an estimate of the difference in discontinuities across

cohorts. The identification assumptions for this specification are less stringent than for the

original RD design because we now allow discontinuities in other controls as long as they are

the same across age groups. In particular, any compound treatment effects are differenced
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out if they are the same at ages 15–34 and 35–59, and selective sorting at the border is

allowed insofar as both age groups are sorting in the same way.

If the BCG hypothesis is true, then we would expect to see a negative discontinuity in

cases for the older cohorts but no discontinuity or a much smaller discrepancy in the younger

cohort. Finding a sizable discontinuity in both cohorts, or no differences in the discontinuity

across cohorts, would be direct evidence against the broad version of the BCG hypothesis

and an indication that something else is driving these results. As our data does not contain

any age group which was recently vaccinated, we cannot assess whether the BCG vaccine

has a short-run effect on those that were vaccinated within the last year.

4 Results

Baseline regression discontinuity results: To formalize the intuition of Figure 1, we

use a regression discontinuity design, in which we nonparametrically estimate coronavirus

prevalence as a function of the distance to the border and compare the estimates just to the

east and just to the west of the border. Our main dependent variable is the logarithm of

unity plus the number of cumulative COVID-19 cases per million in a German county as of

April 26, 2020. As the average German county (Kreis) has about 200,000 inhabitants and

nearly every Kreis has at least one confirmed COVID-19 case, this function behaves very

similarly to the logarithm of cumulative cases per million. Figure 2 presents nonparametric

estimates of the mean of the dependent variable by distance to the border of the former GDR,

with positive distances indicating locations in former East Germany and negative distances

corresponding to locations in former West Germany. We use a bandwidth of 100 km, which

corresponds well to the optimal bandwidth (following Imbens and Kalyanaraman, 2011).

We observe that while the nonparametric estimates are continuous to the left and to the

right of zero, they are very discontinuous at zero with a downward jump of approximately

0.7 log points as one moves from west to east. This implies that there are half as many

cases per capita in a former East German county relative to a West German county just

across the border. This halving of cases dominates the variation in coronavirus prevalence

among counties in the East (where it is uniformly low) and is sizable relative to the average

prevalence in the West. Faraway counties in Bavaria (close to the early outbreaks in Italy)

or near the borders with France and the Benelux countries have the highest cases.

The first row of Table 2 further formalizes our results by estimating eq. (1) for 5 different

bandwidths—50 km, 75 km, 100 km, 150 km and 200 km. The smallest of these bandwidths

entails running the regression on 77 German counties closest to the former border, whereas

the largest of these bandwidths runs the regression on 287 of the 401 counties in Germany.
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Figure 2 – Discontinuity in log(1 + cases/million) at former border
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Distance to the East of Former Border, kilometers

Notes: Illustration of the discontinuity log(1 + cases/million people) across the former border between
West and East Germany. The figure shows non-parametric local polynomial estimates for bins of the
dependent variable, where each bin is 20 km wide. 95% confidence intervals are shaded in grey.

The latter three correspond to the range of the optimal bandwidths discussed in Section 3.16

Different bandwidths alter the variance-bias trade-off in the RD point estimate. The degree

of misspecification error is essentially controlled by the choice of bandwidth. Smaller than

optimal, or undersmoothed, bandwidths create less bias in conventional confidence intervals

than large bandwidths (Calonico et al., 2014), which is why we emphasize the results for 100

km or less. We see that the estimate for a 100 km bandwidth is a drop of -0.83 log points, or

57% of the cumulative COVID-19 case count as one crosses the border from West to East.

This estimate is robust and statistically significant at 99% across bandwidths, ranging from

-0.71 for a bandwidth of 75 km to -0.89 for a bandwidth of 200 km.17

The second row of Table 2 shows that there is also a discontinuity in COVID-19 deaths per

million residents, which is larger in size than the discontinuity in the cumulative COVID-19

cases (although the estimates are noisier and the confidence intervals overlap because deaths

are a small fraction of cases). For a 100 km bandwidth, crossing the border from west to

east entails a 1.05 log point (65% decrease) in the number of deaths per million residents,

with estimates for wider bandwidths showing a 50% larger drop.

16These bandwidths were computed for specifications without border segment fixed effects, whereas eq. (1)
always includes border segment fixed effects.

17We present additional robustness of the discontinuity in cumulative COVID-19 cases to alternative
functional forms of the local polynomial in Table B-1 of the Appendix.
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Table 2 – Discontinuities in cases, deaths and other variables

The dependent variable varies by panel

The bandwidth is
50 km 75 km 100 km 150 km 200 km

(1) (2) (3) (4) (5)

Panel A. Log(1+cases/million)

East -.787*** -.710*** -.830*** -.987*** -.890***
(.240) (.149) (.154) (.196) (.143)

Panel B. Log(1+deaths/million)

East -.963** -.860*** -1.05*** -1.48*** -1.59***
(.488) (.308) (.290) (.423) (.201)

Panel C. Disposable income p.c.

East -.084*** -.100*** -.104*** -.128*** -.134***
(.026) (.014) (.005) (.015) (.014)

Panel D. Population density

East -.692** -.584*** -.659*** -.474*** -.102
(.279) (.097) (.230) (.154) (.193)

Panel E. Percent older than 64

East 2.585*** 2.175*** 2.424*** 3.132*** 3.109***
(.889) (.830) (.658) (.616) (.613)

Panel F. Percent older than 45 and younger than 65

East 2.251*** 1.653*** 2.105*** 1.714*** .992**
(.778) (.567) (.546) (.478) (.445)

Panel G. Age-adjusted overall death rate per million

East .057*** .048** .045** .059*** .041*
(.018) (.020) (.020) (.016) (.023)

Panel H. Age-adjusted infectious diseases death rate per million

East 2.048** 1.723* 2.190** 2.630** 2.688**
(.841) (.998) (1.087) (1.146) (1.119)

Panel I. Age-adjusted respiratory diseases death rate per million

East 2.613** 2.191* 2.785** 3.216** 3.310**
(1.109) (1.258) (1.372) (1.457) (1.437)

Observations 77 106 138 203 287

Notes: The table reports results from a regression discontinuity specification with an interacted local
linear RD polynomial and border segment fixed effects. Disposable income per capita and population
density are measured in logs. Standard errors clustered on the state (Bundesländer) level are reported
in parentheses.
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Discontinuities in control variables: It is well known that while West and East

Germany have been reunified for 30 years, there are still considerable differences between the

two territories. Alesina and Fuchs-Schündeln (2007) document persistent differences in trust,

and Fuchs-Schündeln and Hassan (2015) show that many important economic variables are

still discontinuous at the border.

In the remainder of Table 2 we investigate these additional discontinuities to assess

whether they may explain the discontinuity in COVID-19 intensity that we have observed

in the previous subsection. We see that regardless of the bandwidth used in the 50 km–200

km range, log population density, log disposable income, the share of the population aged

45 to 64 and the share older than 64, the date that the first COVID-19 case was recorded,

and age-adjusted mortality from all causes, infectious diseases and respiratory diseases all

show discontinuities at the old border. This fact alone complicates the interpretation of the

discontinuity in cumulative COVID-19 cases as causal, and raises the possibility that it may

be driven by some of these variables and not by an inherent characteristic of East Germans,

such as BCG vaccination.

It is noteworthy that the signs of the discontinuities indicate that counties just to the east

of the border have lower population density, lower consumption, an older population, a later

introduction of COVID-19 and higher age-adjusted mortality rates than counties just to the

west of the border. Intuitively, all of these factors, except for population density, should

lead one to expect that counties just to the east should have a higher COVID-19 prevalence

than counties just to the west. However, as we show in Table B-2 in the Appendix, both

within the former East Germany and within the former West Germany, the raw correlations

between cumulative COVID-19 cases and consumption per capita, population age and age-

adjusted mortality rates all point in the “wrong” direction. For example, the correlation

between log consumption per capita and log cumulative COVID-19 cases per capita is

positive, while the correlations between log cumulative cases and age or mortality variables

are generally negative. This suggests that the geography of the early outbreak in Germany

was very particular. Indeed, some of the first cases in Bavaria were imported during the

winter sports season from Italy and Austria, while early cases in the southwest can be linked

to carnival celebrations. The virus then spread quickly through comparatively young and

affluent counties—an issue to which we return below. While a similar pattern currently holds

across US counties (where affluent and urban areas were exposed first), there are first signs

that these correlations may ultimately reverse. The highest case counts per capita within

New York City, for example, are in the poorer zip codes of Brooklyn, Queens and the Bronx,

while upper-class zip codes have fewer cases.18

18See www.time.com/5815820/data-new-york-low-income-neighborhoods-coronavirus/.
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Table 3 – Regression discontinuity results with controls

The dependent variable is log(1+cases/million)

The bandwidth is
50 km 75 km 100 km 150 km 200 km

(1) (2) (3) (4) (5)

Panel A. No Controls

East -.787*** -.710*** -.830*** -.987*** -.890***
(.240) (.149) (.154) (.196) (.143)

Panel B. Population density

East -.750*** -.673*** -.807*** -.979*** -.887***
(.220) (.155) (.183) (.203) (.144)

Panel C. Disposable income p.c.

East -.675*** -.605*** -.661*** -.814*** -.682***
(.256) (.189) (.171) (.200) (.177)

Panel D. Disposable income p.c. and population density

East -.606** -.537** -.602** -.782*** -.654***
(.243) (.232) (.242) (.238) (.193)

Panel E. Percent older than 45 but younger than 65 and percent older than 64

East -.582*** -.530*** -.717*** -.804*** -.694***
(.159) (.104) (.158) (.175) (.165)

Panel F. Controls from panels D and E

East -.411** -.384** -.442** -.591*** -.498**
(.181) (.160) (.183) (.212) (.199)

Panel G. Days since first case

East -.777*** -.698*** -.813*** -.972*** -.858***
(.241) (.153) (.156) (.198) (.148)

Panel H. Age-adjusted overall death rate per million

East -.717*** -.646*** -.740*** -.875*** -.798***
(.216) (.143) (.151) (.205) (.160)

Panel I. Age-adjusted infectious diseases death rate per million

East -.673** -.607*** -.640*** -.786*** -.740***
(.274) (.142) (.135) (.157) (.134)

Panel J. Age-adjusted respiratory diseases death rate per million

East -.648** -.591*** -.614*** -.757*** -.708***
(.268) (.140) (.125) (.151) (.128)

Observations 77 106 138 203 287

Notes: The table reports results from a regression discontinuity specification with an interacted local
linear RD polynomial and border segment fixed effects. Disposable income per capita and population
density are measured in logs. Standard errors clustered on the state (Bundesländer) level are reported
in parentheses.
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For each of the control variables analyzed in Table 2, we present evidence that the

discontinuity in cumulative COVID-19 cases remains after adding the control variable in

eq. (1). Table 3 presents the results. Panel A replicates the estimates without controls for

reference. We see that irrespective of which additional variable is controlled for and regardless

of the bandwidth used the estimate of the discontinuity in cumulative COVID-19 cases—the

coefficient β in eq. (1)—remains negative and statistically significant at least at 5%. Only

the magnitude declines somewhat across the different specifications. Even including multiple

controls in the same regression—as in Panel F, where we include log disposable income per

capita, log population density and percentages of the population above 45 and above 65—

does not render the discontinuity in cumulative COVID-19 cases statistically insignificant.

However, the magnitude of the RD coefficient falls by half, suggesting that these variables

might play some role in explaining the East-West differential.

On balance, the evidence so far shows that there is a discontinuity in the intensity

of COVID-19 across the former border separating East and West Germany, which is

not primarily mediated by many of the channels one might have anticipated ex ante

(or which were suggested by the German news media). We now turn to investigating

potential explanations for this discontinuity, and specifically to the question of whether

the discontinuity could be coming from greater BCG vaccination in former East Germany.

Age-specific regression discontinuity and RD-DD results: We now leverage the fact

that different cohorts were vaccinated in the different parts of Germany to assess whether

the BCG vaccine plays any role in this robust discontinuity for overall cases. The Robert

Koch Institute provides age category breakdowns for county-level data on COVID-19 cases

and deaths allowing us to obtain county-specific case and death totals for individuals aged

15–34 and individuals aged 35–59. As discussed earlier, if the discontinuity in COVID-19

cases is caused by the direct long-term effect of BCG vaccination, then we would expect

that discontinuities in detected cases among people aged 15–34 should be close to zero (as

most of them were never vaccinated in either part of Germany) while discontinuities among

people aged 35–59 should be nonzero (since all of whom were vaccinated in the East but

only those above 45 in the West). Given assessments in the medical community, we do not

presume that spillovers to unvaccinated parts of the population would play a large role.19

Table 4 presents estimates of the discontinuity in cumulative COVID-19 cases per capita

by age group. Panel A reproduces the baseline estimates. The next two rows present

19In the best case, having received the BCG vaccine bolsters the immune response to COVID-19 so that
individuals display fewer symptoms (Curtis et al., 2020). Whether this implies that their viral load is lower
so that they would infect fewer people, or whether the exact opposite would happen because they are more
likely to be asymptomatic and feel “safe” is not clear at this point.
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discontinuities for age groups 0–4 and 5–14. Individuals in both of these groups are

unvaccinated on both sides of the former border, so that we should expect no discontinuity

if BCG vaccination were to drive the difference. Instead, we observe statistically significant

negative discontinuities in COVID-19 cases per capita for each of these groups. Moreover,

these discontinuities are much larger in magnitude than the baseline discontinuity shown in

Panel A. This evidence does not align with the BCG hypothesis. However, we are reluctant

to place a lot of weight on them, since there are few COVID-19 cases in children younger

than 15.

Panel D of Table 4 presents discontinuity estimates for individuals aged between 15 and

34. Roughly a quarter of COVID-19 cases in Germany involve people in this age group, so

that the concern about drawing conclusions from too few data points does not apply. Once

again, there are statistically significant negative discontinuities in cases per capita as one

crosses the old border from west to east. Moreover, the magnitudes of these discontinuities

are larger than the magnitudes of these discontinuities for the population as a whole (in

Panel A). Panel E presents estimates for individuals between 35 and 59. Half of these

individuals were vaccinated in West Germany while all of them were vaccinated in East

Germany. Accordingly, we would expect this population to exhibit the largest discontinuity

in COVID-19 cases per capita if the broad BCG hypothesis were true. However, while the

discontinuities are large, statistically significant and negative, they are slightly smaller than

the discontinuities for the whole population, let alone the 15–34 and 5–14 age groups. We

present graphical illustrations of these discontinuities in Figure 3.

The results for the RD-DD specification which formalizes this comparison are presented in

Panel H of Table 4. Recall that the coefficient of interest is γ. It captures the additional effect

of being in the East on cumulative cases per million among the 35–59 population compared

to the 15–34 cohort. This specification underlines that there is no statistically significant

difference in COVID-19 prevalence across these two cohorts in spite of the abrupt change

in BCG vaccination. Instead, the estimated effect is positive and equal to approximately

a third of the baseline effect for the 15–34 population. Hence it appears that, if anything,

the 35–59 year old population in the East is more vulnerable to infections with the novel

coronavirus relative to their peers in the West. All of the available evidence points in the

direction of a larger discontinuity in COVID-19 cases per capita for populations that were

unvaccinated on both sides of the former border. Again, this fact is inconsistent with the

empirical predictions of the BCG hypothesis.

Placebo simulation with commuting patterns: If the BCG vaccine does not explain

the East-West differential in coronavirus cases, then what does? A potential answer can
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Table 4 – Regression discontinuity by age group and RD-DD

The dependent variable varies by panel

The bandwidth is
50 km 75 km 100 km 150 km 200 km

(1) (2) (3) (4) (5)

Panel A. All cases

East -.787*** -.710*** -.830*** -.987*** -.890***
(.240) (.149) (.154) (.196) (.143)

Panel B. Cases for ages 00-04

East -1.59 -1.81** -2.11*** -2.44*** -1.49***
(1.049) (.831) (.606) (.637) (.511)

Panel C. Cases for ages 05-14

East -3.42*** -2.53*** -2.72*** -2.83*** -2.04**
(.582) (.605) (.783) (.776) (.814)

Panel D. Cases for ages 15-34

East -1.04** -.937* -1.10* -1.18** -.993***
(.464) (.496) (.570) (.461) (.278)

Panel E. Cases for ages 35-59

East -.685*** -.610*** -.732*** -.848*** -.770***
(.166) (.104) (.128) (.181) (.151)

Panel F. Cases for ages 60-79

East -.678** -.719*** -.858*** -1.07*** -1.06***
(.302) (.125) (.093) (.189) (.113)

Panel G. Cases for ages 80p

East -.984** -.928* -1.33** -1.72*** -1.63***
(.434) (.535) (.533) (.412) (.276)

Panel H. RD-DD on age 15-34 and 35-59

East×Old .363 .327 .370 .337 .223
(.391) (.426) (.486) (.349) (.246)

Observations 77 106 138 203 287

Notes: The table reports results from a regression discontinuity specification with an interacted
local linear RD polynomial and border segment fixed effects. Standard errors clustered on the state
(Bundesländer) level are reported in parentheses.
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Figure 3 – Age-specific discontinuity in log(1 + cases/million at former border

(a) Ages 15 to 34

5.5
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8

-400 -200 0 200
Distance to the East of Former Border, kilometers

(b) Ages 35 to 59
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7
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8

8.5

-400 -200 0 200
Distance to the East of Former Border, kilometers

Notes: Illustration of the discontinuity log(1 + cases/million people) across the former border between
West and East Germany for different age groups. Panel a) shows results for ages 15 to 34 and panel b)
shows results for ages 35 to 59. Both figures shows non-parametric local polynomial estimates for bins
of the dependent variable, where each bin is 20 km wide. 95% confidence intervals are shaded in grey.

be found in Germany’s regional connectedness. If those who live in the west work in the

west and those who live in the east work in the east, it may be the case that travel flows

have not readjusted completely since reunification. In other words, western counties along

the former border may be disproportionately disconnected to their eastern neighbors than if

there never would have been a national border dividing them. Although commuting over long

distances is very common in Germany—almost 40% of jobs were in a different county than

the primary residence—decades of partition meant that its infrastructure was re-oriented

to connect counties within the west or east (Santamaria, 2020), with lasting effects on the

spatial equilibrium in Germany.20 As the epidemic started in the west, it may have had a

harder time spreading eastward because relatively fewer people commute from west to east

than commute across comparable distances within the west. The eastward spread was then

further interrupted by the nation-wide lock-down on March 22 2020.

Figure 4a presents major outgoing commuter flows (more than 1,000 commuters per

county) originating in what used to be West Germany. We see that our expectation is

confirmed: almost all of them also go to the West. The only major destination in former

East Germany is Berlin (neither Dresden nor Leipzig receive significant inflows from the west

20Large infrastructure projects try to overcome this pattern since reunification but it is, for example, still
difficult to reach Dresden from Cologne (or anywhere in the Ruhrgebiet) by public transport. Similarly,
the Berlin–Munich high-speed rail connection was under construction since 1996 and only achieved modern
speeds close to 4 hours in December 2017. Both distances are slightly less than 600 km.
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Figure 4 – Major commuting flows (at least 1,000 people) by origin

(a) Originating in west (b) Originating in east

Notes: Illustration of major commuter flows origination in the former FRG and former GDR based on
the December 2019 commuting flows published by the Federal Employment Agency (Bundesagentur für
Arbeit). For the purposes of this map, Berlin is geographically considered to be a part of the East.

but some counties on the eastern side of the old border receive some non-negligible flows).

Similarly, in Figure 4b we see that major outgoing commuter flows originating in former

East Germany also generally terminate in the East, again with the exception of significant

flows from the capital to other western major cities. This holds in spite of a large wave of

migration from East to West post-reunification. In fact, some of these flows are government

workers who officially commute between Bonn, the old capital of the FRG which retained

some government functions, and Berlin.

Table 5 puts these figures into our RD framework and presents discontinuity estimates

for the fraction of incoming commuter flows that originate in West Germany at the county-

level. Panel A shows that counties just to the east of the border receive between 32 and 72

percentage points more of their commuter flows from East Germany than do counties just to

the west of the border. The standard errors are relatively small, so that these estimates are

significant at all conventional levels. In Panel B of Table 5 we add this fraction of commuters

from the West to our baseline regression for COVID-19 cases per capita across all age groups.

This has a comparatively strong effect on the results. The RD coefficient at the reference
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Table 5 – Regression discontinuity results with commuting and simulated results

The dependent variable is log(1+cases/million)

The bandwidth is
50 km 75 km 100 km 150 km 200 km

(1) (2) (3) (4) (5)

Panel A. Fraction of incoming flows from West

East -.354*** -.475*** -.555*** -.669*** -.720***
(.027) (.026) (.022) (.020) (.021)

Panel B. Log(1+cases/million), controlling for flows from West

East -.544*** -.363** -.349* -.322 -.350
(.187) (.166) (.202) (.200) (.224)

Panel C. Log(1+cases/million), controlling for income, demographics and flows from West

East -.320 -.171 -.075 -.160 -.242
(.220) (.166) (.231) (.252) (.248)

Panel D. Log(1+simulated cases/million)

East -.438* -.493* -.588** -.866*** -.862***
(.227) (.254) (.235) (.245) (.222)

Observations 77 106 138 203 287

Notes: The table reports results from a regression discontinuity specification with an interacted
local linear RD polynomial and border segment fixed effects. Standard errors clustered on the state
(Bundesländer) level are reported in parentheses.

bandwidth of 100 km falls by almost 0.5 log points and is only marginally significant at 10%.

At higher bandwidths, the effect is no longer significant at conventional levels. This is a

larger impact than controlling for log disposable income per capita, log population density

and the age distribution at the same time. In Panel C we also add log population density,

the age distribution as well as log disposable income (the controls from Panel E of Table 3).

Now the effect becomes numerically small at the reference bandwidth and insignificant for

the entire range of bandwidths. In other words, accounting for only differences in mobility

and demographics is enough for the discontinuity in cases to disappear.

Our final exercise demonstrates that mobility patterns, population differences and the

geography of the initial outbreaks can create a counterfactual discontinuity just like the

one we observe in the actual data. We simulate a canonical SIR model of the coronavirus

epidemic in each German county with mobility flows following Wesolowski et al. (2017) and

Bjørnstad and Grenfell (2008). In the model, we allow infections to spread along commuting

patterns starting from the distribution of coronavirus cases on February 29 2020 and use the

approximate epidemiological characteristics of the outbreak in Germany (e.g., a reproduction

number, R0 of 2.5). We use the observed commuting flows from December 2019 together with
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Figure 5 – Discontinuity in log(1 + simulated cases/million) at former border

10
11

12
13

14

-400 -200 0 200
Distance to the East of Former Border, kilometers

Notes: Illustration of the discontinuity log(1 + simulated cases/million people) across the former border
between West and East Germany. The simulation and its underlying parameters are described in
Appendix A. The figure shows non-parametric local polynomial estimates for bins of the dependent
variable, where each bin is 20 km wide. 95% confidence intervals are shaded in grey.

county population data to proxy for actual mobility around the time of the outbreak. We

simulate the model for 60 periods (days) but stop all commuting flows after 22 days to reflect

the nation-wide shutdown. The details of the simulation are provided in Appendix A.21

Panel D of Table 5 presents the discontinuity estimates for the simulated log cumulative

cases per capita. We find that in the simulated data, the number of cases also discontinuously

declines as one crosses from west to east over the former border. The decline is somewhat

smaller, but close in magnitude, to the decline observed in the actual data. This confirms

the results of the RD design with controls for commuter flows and strongly suggests that

mobility is a key driver of the geography of the early outbreak. Our methodology cannot

exclude other alternative explanations, and officially registered commuter flows likely do not

represent person-to-person movement across Germany perfectly. However, our simulation

constructs a situation that shares some essential features of the data, and that explains the

discontinuously lower novel coronavirus prevalence across the border into the former East

without reference to the (broad) BCG hypothesis. This fact together with the pattern in

the discontinuities across cohorts, leaves us very skeptical that the BCG vaccine plays a role

in explaining the geography of the outbreak in Germany.

21The simulation overpredicts the overall case count because we do not explicitly model social distancing
(apart from the lack of commuting). In the observed data, the reproduction number declined toward unity
over the same period.
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5 Conclusion

Our paper provides a cautionary tale of potentially misleading correlations, which appear

early in the outbreak of an epidemic. Using the modern applied econometrics toolkit, we

show that there is a stark break in cumulative COVID-19 cases at the former border which

used to separate East and West Germany. However, our analysis strongly suggests that

an appealing explanation—the variation in BCG vaccination status for large populations

across the border—cannot account for this discontinuity. Instead, more mundane factors

appear to be behind this East-West differences. Accounting for commuter flows, income

and demographics is sufficient for the difference to vanish. These results help to address the

identification problems encountered in the scientific and journalistic debate on the merits of

the BCG hypothesis.

Our findings have several important limitations. First, they are derived from the context

of Germany, the health profile of its population, and the specific strains of COVID-19

circulating there, and therefore may not be as applicable to other parts of the world. Second,

they cannot speak to the possibility of a short-run boost to the immune system coming from

the BCG vaccine that may offer individuals some “trained immunity” against COVID-19.

In particular, our results should not be taken to anticipate the outcomes of the clinical trials

that are currently taking place. Third, our study looks at a summary measure of the intensity

of the epidemic—cumulative case counts per capita—and does not consider in detail other

dimensions, such as the lethality of infections or the speed of transmission from the infected

to the susceptible.

While it is disappointing to find evidence against a partial remedy, we believe that

negative results are necessary for the world to redeploy resources in the right direction.

They also help guard against a false sense of security that countries with a current BCG

vaccination policy might feel. To the extent that current case counts around the globe

are a product of the early geography of the pandemic rather than of immutable features of

populations, less affected countries and regions should take their reprieve as a time to prepare

rather than as a time for complacency. It is not unimaginable that the raw discontinuity

we documented will eventually disappear or even turn around if the infection spreads to a

poorer, older and more disease-prone population in the East.
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A SIR Model with commuter flows

We simulate a SIR model with multiple locations and exogenous migration flows between

locations. This model has been used in Wesolowski et al. (2017) and Bjørnstad and Grenfell

(2008). Let

Ĩi,t = Ii,t +
Ni

∑
j mj,i

Ij,t
Nj

Ni +
∑

j mj,i

(A-1)

Si,t+1 = Si,t − βSi,t
Ĩi,t
Ni

(A-2)

Ii,t+1 = Ii,t + βSi,t
Ĩi,t
Ni

− γIi,t (A-3)

Ri,t+1 = Ri,t + γIi,t (A-4)

where mj,i is the number of commuters going from location j to location i each period and all

other variables are as in the classical SIR model. We take German counties as the locations

in our models. We assume γ = 1/7 (because the incubation period is 7 days on average,

and much of the transmission is pre-symptomatic) and R0 = β/γ = 2.5. We assume the

initial counts of infected to correspond to the reported cases by county on February 29. We

simulate the model for 60 time periods, assuming that after time period 22, all cross-county

commuting flows are shut down to simulate measures taken by the German government.

We have tried other parametrizations of the SIR model and we get similar results provided

that the epidemic is not allowed to evolve too close to the long-run equilibrium (which, when

migration flows are eventually shut down, is the same for each county and hence, would not

generate a discontinuity). The magnitude of the case counts resulting from the epidemic

vary widely between parametrizations. We view this exercise not as an attempt to model

the COVID-19 epidemic in Germany but to provide an illustration that mobility patterns

can generate discontinuities in the spread of an epidemic without there being essential

discontinuities in the underlying epidemic resistance of the population.
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Figure A-1 – Counterfactual COVID-19 cases in Germany, end of April

Notes: Illustration of the simulated spatial distribution of an epidemic with the parameters described in
the Appendix, the same starting distribution across German counties as cumulative COVID-19 cases on
Feb. 29, 2020; and following the December 2019 commuting flows published by the Federal Employment
Agency (Bundesagentur für Arbeit). The map shows the log(1 + simulated cases/million people) in each
county using population data from 2018.
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B Appendix Tables

Table B-1 – Regression discontinuity estimates for various approximating polynomials

The dependent variable is log(1+cases/million)

The bandwidth is
50 km 75 km 100 km 150 km 200 km

(1) (2) (3) (4) (5)

Panel A. Interacted linear polynomial in distance to the border

East -.787*** -.710*** -.830*** -.987*** -.890***
(.240) (.149) (.154) (.196) (.143)

Panel B. Linear polynomial in distance to the border

East -.670* -.718*** -.889*** -.985*** -.898***
(.357) (.119) (.128) (.145) (.168)

Panel C. Linear polynomial in latitude and longitude

East -.805*** -.911*** -1.03*** -1.00*** -.928***
(.112) (.092) (.102) (.088) (.077)

Panel D. Interacted cubic polynomial in distance to the border

East -.432 -1.09** -1.44*** -.708** -.776***
(.540) (.528) (.216) (.306) (.231)

Panel D. Cubic polynomial in distance to the border

East -1.15*** -.767** -.614** -.880*** -.975***
(.395) (.378) (.259) (.141) (.133)

Panel E. Cubic polynomial in latitude and longitude

East -.768*** -.822*** -.999*** -1.21*** -1.20***
(.206) (.100) (.091) (.131) (.113)

Observations 77 106 138 203 287

Notes: The table reports results from a regression discontinuity specification with an interacted
local linear RD polynomial and border segment fixed effects. Standard errors clustered on the state
(Bundesländer) level are reported in parentheses.
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Table B-2 – OLS Correlations between COVID-19 cases and control variables

The dependent variable is log(1+cases/million)

The sample is
West East All
(1) (2) (3)

Disposable income p.c. 2.38*** 3.43* 3.38***
(.74) (1.99) (.60)

Population density -.03 .15*** .08
(.08) (.02) (.07)

Percent older than 64 -.08*** -.01 -.12***
(.03) (.06) (.02)

Percent older than 45 and younger than 65 -.01 -.04*** -.06***
(.01) (.00) (.02)

Age-adjusted overall death rate -2.56** -2.96*** -3.38***
(1.10) (.87) (.87)

Age-adjusted infectious diseases death rate -20.33** -2.55 -23.04*
(8.88) (14.19) (13.34)

Age-adjusted respiratory death rate -8.79*** -3.14 -9.88***
(1.77) (5.17) (1.90)

Observations 324 76 400

Notes: The table reports results from ordinary least squares regressions for the samples indicated in the
column headers. Standard errors clustered on the state (Bundesländer) level are reported in parentheses.
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We develop an econometric model of consumer panic (or panic buying) 
during the COVID-19 pandemic. Using Google search data on relevant 
keywords, we construct a daily index of consumer panic for 54 countries from 
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1. INTRODUCTION

In this paper we present a model of consumer panic during the COVID-19 pandemic.
Panic buying of storable consumer goods is a common phenomenon during natural disas-
ters and man-made crises. Examples include both World Wars (Hughes 1988), the Great
East Japan Earthquake in 2011,1 and the recent hyperinflation in Zimbabwe (Musvanhiri
2017). Panic may be provoked by much less, such as in the United States in 1973 when
Johnny Carson joked about a shortage of toilet paper on The Tonight Show, causing
the Great Toilet Paper Scare that led to panic buying and actual shortages (Malcolm
1974). Thus, is not surprising that the COVID-19 pandemic has caused consumers in
many countries to engage in panic buying of storable consumer goods like toilet paper,
rice and pasta - see e.g. Knoll (2020) and Rieder (2020). In this paper we develop a
predictive model of how government policies such as social distancing, lockdowns and
travel restrictions, as well as growth in COVID-19 cases, generate such behavior.

To clarify the discussion, it is necessary to define what we mean by “panic buying.”
First, we need to understand why consumers hold inventories of storable consumer goods
in normal times. Erdem, Imai, and Keane (2003) - henceforth EIK - estimated a struc-
tural model of optimal consumer demand for storable goods in a stationary environment.
In a stationary environment, consumers have two motives for building up inventories of
storable goods in excess of current consumption needs: (i) as a buffer stock to protect
against stock outs given uncertainty about future usage needs, and (ii) because it is opti-
mal to stock up on storable goods when confronted with a “deal” (i.e., an instance when
the good is offered by retailers at a relatively low price).

In the event of natural disasters or crises, however, consumers are commonly observed
to stock up on consumer goods to an extent that greatly exceeds levels observed in
normal times. During the COVID-19 pandemic, IRI (2020) document a sharp spike in
grocery spending, and increases in stockpiling, in several countries. For example, for the
week ending March 15, spending on paper products (including toilet paper) was up 50%
(year-on-year) in Italy, 108% in France, 109% in Germany, 134% in the UK, and 217%
in the US. There are both psychological and economic explanations for such stockpiling
behavior in a crisis. For example, a standard psychological explanation is that stocking
up on storable goods helps consumers gain a sense of control over the uncertain/risky
situation created by a crisis (e.g. Grohol 2020).

On the other hand, as noted by Hansman et al. (2020), there is nothing intrinsically
irrational or “panicky” about stocking up on storable consumer goods in a crisis. There
are two main economic explanations for a jump in optimal inventory holdings in a cri-
sis situation. First, in the EIK inventory model, any potential supply disruption that
increases stock out risk, or any restriction on movement that increases the cost of store
visits, will have the effect of increasing optimal inventory holdings.2 Second, as empha-
sized by Hansman et al. (2020), a crisis often leads to higher expected future prices,

1See Hori and Iwamoto (2014), Ishida et al. (2013), and Kurihara et al. (2012) for research into the
consumer reaction to the earthquake.
2In the EIK inventory model the cost of a store visit and the stock-out risk are two key parameters

that drive optimal inventory holdings: Optimal inventory is increasing in the cost of a store visit (i.e.,
if store visits were costless, one could buy consumer goods on a just-in-time basis, keeping inventories
near zero). The COVID-19 pandemic increased the cost of a store visit in three ways: (i) One may wish
to avoid stores to avoid contact with potentially infected customers, (ii) if a consumer becomes infected
they must quarantine at home, making store visits impossible for a time, (iii) government policies like
lockdowns may make going to the store more difficult. Optimal inventory is also increasing in the risk of
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making the current price look like a “deal” that calls for stocking up.3 Again, this is
optimal behavior in an inventory model.

Our primary goal in this paper is to develop a predictive model of how government
policies impact on panic buying, so we do not need to take a stand on the extent to
which the phenomenon is driven by psychological or economic factors. Regardless of the
underlying cause, the phenomenon of panic buying is socially costly for several reasons.
A sudden crisis induced jump in consumer demand above expected historical levels may
often lead to retail store stocks outs in the short run. This is especially true in the case
of just-in-time supply chains where little inventory is available to handle sudden jumps
in demand. During the COVID-19 pandemic, serious stock out situations have been
observed in many countries for consumer staples like toilet paper, rice and pasta. Such
retail stocks outs are costly for consumers who are unable to obtain enough of the desired
product to meet their usage needs, and particularly costly for vulnerable groups like the
elderly and the disabled for whom shopping can be challenging.

Shortages created by panic buying also force consumers to devote extra time and effort
to shopping, diverting time away from welfare-improving activities like work, leisure, and
sleep, as well as generating psychological costs by inducing anxiety and stress. Shortages
may heighten anxiety about the pandemic - and the government’s response - among
the general population. Furthermore, as stressed by Hansman et al. (2020), reputable
retailers avoid price increases during crises, both due to legal constraints and long run
reputational concerns. This can lead to speculative buying and the emergence of black
markets. Moreover, consumer panic may directly promote virus transmission, by causing
people to flock to the supermarket before the onset of a lockdown.

We develop a measure of consumer panic for 54 countries over the first four months
of 2020 using Google search data. The measure shows that consumers in most of the
large economies of the world experienced panic in response to the COVID-19 pandemic.
Much of the panic occurring in March, consistent with IRI (2020) data showing sharp
increases in March grocery sales. We find strong heterogeneity in the timing and severity
of consumer panic across countries in the sample. Some countries experienced more panic
than others (such as Australia and the United States), and some panicked earlier while
others much later. Generally speaking, panic appeared earlier in the Asian region than
the rest of the world, and richer countries tended to panic more than poorer ones.

Given that consumer panic is a common response to crises and socially costly, it is use-
ful to consider how government policy may contribute to - or alleviate - the phenomenon.
Government policy as it relates to COVID-19 has focused on either the containment of
viral transmission or efforts to prop up the economy. To that end, we construct three
daily measures of government policy during the pandemic: ‘internal restrictions’ which
curtail the freedom of movement and association within a city or greater region, ‘travel
restrictions’ which limit or prevent people from entering the country, and ‘stimulus an-
nouncements’ which are announcements of a significant fiscal or monetary policy mea-
sures. The measures show that the majority of policy change occurred between the 13th
and 24th of March, which is around the time that many of the world governments learnt
that COVID-19 would severely affect their country.

stock outs. If a crisis raises stock-out risk - either due to supply disruptions or due to a lagged response
of supply to the crisis-induced increase in demand - it also leads to higher optimal inventory.
3The expectation of future price increases may even lead to speculative buying, where some people

attempt to buy up inventory for subsequent resale at a higher price.
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There is substantial heterogeneity across countries in the timing, severity, and in-
crementalism of the policy response. Some countries, such as Brazil and South Korea,
did not impose severe restrictions on movement, while others such as Spain and Peru
imposed strict lockdowns. Countries such as Italy and Norway imposed internal restric-
tions ‘early’ (relative to other countries), while others like Singapore, Mexico and India
imposed restrictions quite late. Some countries such as the United States and Canada
allowed states/provinces to gradually implement restrictions (or not), while many others
such as France and Argentina announced lockdowns at the federal level.

Using this data, we investigate a number of interesting questions related to consumer
panic during the COVID-19 pandemic. For instance, why did some countries panic more
than others, and why did some countries panic earlier and others later? One possibility
is that differences in the extent and timing of the spread of COVID-19 explain differences
in consumer panic. But heterogeneity in the severity and timing of government policy
to contain the virus may also play a role. With many countries experiencing outbreaks
of COVID-19 simultaneously, it is worth considering whether panic is driven primarily
by policy change and virus transmission at the domestic level, or if consumers respond
to events in other countries as well? (Perhaps because they serve as a signal of what is
likely to occur in their own country.) If the activity of other countries also drive panic,
does the impact of domestic policy announcements depend on what other countries have
done? - i.e. does it matter for panic if governments implement lockdowns early or late
relative to other countries?

If government policy has an impact on consumer panic, and if that impact is context
dependent, then we need to learn these lessons so that it can factor into the decision
making of policymakers during the next pandemic/crisis, or even during subsequent
waves or strains of COVID-19. To address this issue, we develop a dynamic model of
panic as a function of policy change and the spread of COVID-19. It features domestic
policy changes, the average change of policy in other countries, a nonlinear specification
of domestic and overseas COVID-19 case increases, and interaction terms that allow for
the effect of domestic policy changes to vary by the average state of policy overseas.

We find evidence for several conclusions about the spread of consumer panic during
the COVID-19 pandemic: First, the announcement of internal movement restrictions
clearly generates increased consumer panic, and the magnitude of the effect is large.
This is in contrast to travel restrictions and stimulus announcements, where we find no
evidence that either systematically leads to higher consumer panic. Second, consumers
are also sensitive to the announcement of internal restrictions overseas, which explains
why panic surged in some countries prior to domestic policy change. We also find strong
evidence that the context of policy announcement matters: if the policy is announced
early (relative to other countries) it has more of an effect on panic than policy announced
later. The last conclusion of note is that the spread of the virus matters significantly
too, although only if it is entered in the specification nonlinearly.

One policy implication of these results is that implementation of internal movement
restrictions can be expected to induce panic buying in the short-run, particularly if the
policy is announced before similar measures in other countries. The data suggests that
the panic response is sudden, strong, and dissipates in a week to ten days. As the main
objective of implementing internal movement restrictions is to contain virus transmission,
early implementation of such a policy may still be optimal despite negative short-run
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consequences.4 Nevertheless, the speed of the panic response suggests that measures to
prevent shortages in the face of consumer panic, such as rationing or priority access for
vulnerable groups to essential goods, need to be implemented prior to (or simultaneously
with) the announcement of policy change and not after the fact.

The second policy implication is that the announcement of strong travel restrictions
appears to have very little effect on consumer panic. Thus, presuming travel restrictions
are effective in suppressing virus transmission, implementing them early would appear
to have been a very good policy strategy for governments in the current pandemic. Un-
like internal restrictions, there is also no benefit in waiting to implement them. Further
research is needed on the effects of policy change on unemployment and virus trans-
mission to determine the optimal policy mix that balances the desire to suppress virus
transmission with minimizing economic disruption and consumer panic.5

The outline of the paper is as follows. Section 2 describes how we construct measures of
panic and government policy during the COVID-19 pandemic, and describes key features
of the data. Section 3 describes the econometric methods we use to model consumer
panic. Section 4 presents our estimation results, including impulse response functions
for policy changes. Section 5 draws conclusions from the analysis.

2. MEASURING PANIC AND POLICY DURING THE COVID-19 PANDEMIC

2.1. Measuring Consumer Panic

A good measure of consumer panic must satisfy several criteria. Panic by its very nature
is subject to sudden daily changes. The factors that drive panic - government policy
and virus transmission - have also been subject to sudden changes during the pandemic.
Thus, to model the dynamics of the panic process, we need a daily measure of consumer
panic. The COVID-19 pandemic is a very recent event that has just reached its fifth
month, so we also need a measure of panic that is available as close to the present day
as possible. Lastly, we require a measure that is available for many countries, in order
to exploit heterogeneity in virus transmission and policy response. While supermarket
scanner data on grocery sales is available on a daily basis, it is not available for many of
the countries we wish to include in the analysis. Accordingly, in this article we construct
a high frequency measure of consumer panic using Google search data.

Google search data was shown by Choi and Varian (2012) to be useful in “now-casting”
current values of economic indicators such as unemployment claims and consumer con-
fidence. Da et al. (2011) use Google search data to obtain a useful measure of investor
attention that predicts demand for stocks, while Goel et al. (2010) demonstrate that
present search activity on Google can be useful in predicting near-future consumer be-
havior.6 Underlying all of this research is the idea that Google search data is a useful

4Since virus transmission leads to higher consumer panic as well, the early implementation of the policy
could even be optimal in regards to the minimization of consumer panic over the long term.
5Chinazzi et al. (2020) study the effect of travel restrictions on virus transmission, while Fang et al.

(2020) study the effect of internal movement restrictions. The former paper argues that travel restric-
tions have only modest effects unless combined with transmission-reduction interventions (e.g., internal
movement restrictions).
6Google search data has also been used extensively in other sciences, including Ginsberg et al. (2009)

who use it to predict outbreaks of influenza. And most recently, Lampos et al. (2020) use it to estimate
underlying numbers of COVID-19 cases in a country.
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indicator of consumer demand. Using Google search data to measure the degree of con-
sumer panic in an economy is a simple extension of this idea, and it allows us to capture
sudden surges in panic as they occur across the world in reaction to the virus.

The Google Health Trends API provides data on the proportion of searches undertaken
on their search engine within a jurisdiction and time period matching any specified word
or phrase. For example, for the word ‘panic’, the API will return the probability that
a short search-session, which is defined as a few consecutive searches by a single user,
includes a search for ‘panic’ within a particular jurisdiction during a day. The data is
provided in the form of a probability, thus adjusting for differences in population and
Google usage between countries. The numbers are obtained from a uniformly distributed
random sample of Google web searches, and are available for daily search activity (using
the UTC timezone) in most countries of the world.

To construct an index of panic during the COVID-19 pandemic, we use a set of key-
words or phrases that attempt to track a sudden proclivity for abnormal patterns of
consumer behavior indicative of ‘panic buying.’ It is crucial to not only find words that
people in English-speaking countries are likely to search, but also ones that can be trans-
lated into many other languages and receive search activity across the globe. We collected
data for the following five words or phrases: ‘toilet paper’, ‘panic buying’, ‘hoarding’,
‘panic’, and ‘supermarket’ (and their translations).7

Only the term ‘toilet paper’ relates to a specific good, while the remainder track
search interest in specific concepts. Of course, there are other products that experienced
a surge in demand following the onset of the pandemic, including face masks and hand
sanitizer. We choose not to include these products as their utility arguably increases
dramatically during a pandemic, and a surge in demand could be seen as a perceived
need for immediate use. Toilet paper, on the other hand, does not provide more utility
during this pandemic as Diarrhoea is a very rare symptom of COVID-19. Any increase
in demand for toilet paper is therefore due to reasons other than immediate use.

Our index for panic is the sum of the probabilities of the first five terms:

Pct = (ToiletPaperct +PanicBuyingct +Hoardingct +Panicct + Supermarketct) ∗ 100
where ToiletPaperct is the search probability for that keyword in country c on day t, and
likewise for the other search terms. Probabilities of individual search terms are inherently
small, so the sum is multiplied by 100 to make it more readable.

For countries that are not majority English-speaking, we translated these terms into 23
languages in consultation with native speaking colleagues. If a country has a non-trivial
number of speakers of a certain language, we add the search probabilities of the translated
term to the probability of the English term. For instance, in the case of Switzerland,
we add the German, French, and Italian translations to the English search probabilities.
Example translations can be found in in the Appendix.

The result is a balanced panel dataset that contains 54 countries (N = 54), including
all of the major economies in the world save for Mainland China,8 and daily measures of
panic from the 1st of January this year to the 27th of April (T = 118).9

7For privacy reasons Google censor the probability of a search term if it did not get enough distinct
searches. A country must have enough Google searches for each keyword for its data to be usable.
8We cannot include Mainland China as the government restricts the use of the Google search engine.
9The complete list of countries/jurisdictions in the dataset are as follows: Argentina, Australia, Aus-

tria, Belgium, Bolivia, Brazil, Canada, Chile, Colombia, Denmark, the Dominican Republic, Ecuador,
Egypt, Finland, France, Germany, Greece, Guatemala, Hong Kong SAR, India, Iran, Ireland, Italy,

120
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
15

-1
42



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

Figure 1. Average Panic and Worldwide Cases of COVID-19

.0
02

.0
1

.0
5

1
10

30
C

O
VI

D
-1

9 
C

as
es

 ('
00

0,
00

0)
 in

 L
og

 S
ca

le

0
.0

5
.1

.1
5

Av
er

ag
e 

Pa
ni

c 
In

de
x

Jan Feb Mar Apr May

Europe + North America
Asia
Rest of the World
COVID-19 Cases

Note: This figure plots the average panic across North America and European Countries, Asian
countries (including Oceania), and the Rest of the World which includes Southern and Central
America, Africa, and the Middle East. Also presented in log scale is the global confirmed cases
of COVID-19 on the secondary y-axis.

Figure 1 plots the panic index against global COVID-19 cases in log scale. For the
purpose of illustration, we group the countries into three regions: Europe and North
America, Asia (including Oceania), and the Rest of the World, which includes Southern
and Central America, Africa, and the Middle East. The first panic occurred in Singapore
and Taiwan from February 6th to 10th, which increased the panic index for Asia to double
its normal level (i.e., from about .04 to about .08). During this time COVID-19 cases
in China climbed from 20,000 to over 40,000, and cases were starting to spread in other
East Asian countries. Panic quickly returned to normal levels in Asia until February
28th, when it surged to an average of 0.14 and remained high during the first week of
March. By this point COVID-19 cases in China had plateaued above 80,000, but cases
outside China were growing very quickly. This was particularly true in Italy, who over
this period grew from 650 confirmed cases to 6,000.

It wasn’t until the 11th of March that North America and Europe began to experience
high levels of panic, with the index increasing from about 0.05 to a peak of almost triple
that amount at 0.14. Consistent with this, the IRI (2020) supermarket sales data show a
massive spike in demand for paper products in the week ending March 15. It was in the
first week of March that many governments around the world began to appreciate that

Japan, Kenya, Malaysia, Mexico, Morocco, the Netherlands, New Zealand, Norway, Panama, Peru, the
Philippines, Poland, Portugal, Qatar, Romania, Russia, Saudi Arabia, Singapore, South Africa, South
Korea, Spain, Sweden, Switzerland, Taiwan, Thailand, Turkey, the United Arab Emirates, the United
Kingdom, the United States, Uruguay, and Vietnam.
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COVID-19 would severely affect their country. In the second and third weeks of March,
reported COVID-19 cases were growing exponentially in many countries of the world,
and unprecedented legislation was being announced in attempts to contain the spread
of the virus. The remainder of the countries in the sample, which include Central and
South America, Africa, and the Middle East, also experienced a surge in panic in the
middle of March. By April, the panic index subsided as people adapted to a new normal
and fears of imminent food shortages subsided in most advanced economies.

Figure 1 shows significant heterogeneity between regions in the timing and severity
of the panic over the past four months. There was also significant heterogeneity across
countries within regions.10 This leads to the question of why some countries panicked
much more than other countries, and why some countries panicked earlier and others
later. The differential spread of COVID-19 across countries, and their diverse range of
policy responses, provide an excellent opportunity to study how different factors drive
the spread of consumer panic.

Table 1. Descriptive Statistics of Google Trends Keywords and Panic Index

Mean Median Std. Dev. CV

Keyword Searches:
Toilet Paper 0.008 0.003 0.027 3.320
Panic 0.010 0.007 0.011 1.150
Panic Buying 0.002 0.000 0.005 2.591
Hoarding 0.002 0.001 0.003 1.573
Supermarket 0.027 0.018 0.028 1.012

Panic Index 0.049 0.039 0.044 0.894

Note: CV refers to the Coefficient of Variation.

Table 1 presents descriptive statistics of the individual search terms and the overall
panic index. Among the five search terms present in the panic index Pct, ‘Supermarket’
is the most often searched term, followed by ‘panic’ and then ‘toilet paper.’ Looking at
the coefficient of variation, ‘toilet paper’ has the most variability of all the search terms,
due to its very small probability of being searched in normal times and very large spikes
during the COVID-19 pandemic.

2.2. Measuring Government Policy

A remarkable effect of the pandemic has been the dramatic response from governments:
Drastic changes to the functioning of society have often been formulated in under a
week and announced only one or a few days before implementation. Government policy
has focused on containment of viral transmission, along with fiscal and monetary policy

10An Appendix with graphs of the panic index for every country is available on request.
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devised to prop up the economy while containment measures are given time to work.
As our outcome of interest is panic, which as we have seen is subject to high frequency
changes, it is important to track the evolution of government policy in a precise manner
that captures the timing of any sudden changes. Because of this we measure policy
changes at their announcement rather than at their implementation.

We categorize policy announcements into three broad types: (1) ‘internal restrictions’
which curtail freedom of movement and association within a city or greater region, (2)
‘travel restrictions’ which limit or prevent people from entering the country, and (3)
‘stimulus announcements’ which are changes in fiscal or monetary policy. We now discuss
how we code the policy announcement variables, recognizing that this must involve some
degree of subjectivity:

The index for ‘internal restrictions’ is defined as follows:

Internalct = Schoolsct +Gatheringsct +Movementct (2.1)

where Schoolsct = 1 if there is a federal closure of primary and secondary schools in coun-
try c on day t, and 0 otherwise. Gatheringsct = 1 if there is a ban on very large gatherings
(more than 500 to 2000 people), 2 if there is also a ban on smaller gatherings (more than
50 to 200 people), and 0 otherwise. Movementct = 1 if the government strongly encour-
ages work from home where feasible, there are heavy restrictions on the use of public
spaces, and most retail and entertainment businesses are closed. Movementct = 2 if, in
addition to the above, many non-essential industries are shut down and a majority of in-
dividuals are prevented from working, and 0 otherwise. Occasionally a half point will be
assigned to a policy position when it is difficult to categorize (such as State governments
adopting a policy but not the federal government). Internalct can range from 0 to 5.

The index for ‘travel restrictions’ is defined as follows:
Travelct =(ChinaBanct + IranBanct + ItalyBanct + SouthKoreaBanct)/2

+Noncitizensct + Citizensct
(2.2)

where ChinaBanct = 1 if all travellers arriving from China must self-isolate for 14 days,
2 if all travellers from China are banned from entering the country, and 0 otherwise.
Likewise for IranBanct, ItalyBanct, and SouthKoreaBanct, which were chosen along
with China as they were the four countries to be most affected from COVID-19 early in
the Pandemic. Noncitizensct = 1 if non-citizens arriving in the country must self-isolate
for 14 days, 2 if non-citizens are banned from entering the country, and 0 otherwise.
Likewise, Citizensct = 1 if all citizen entrants must self-isolate for 14 days, 2 if citizens
are effectively prevented from entering the country, and 0 otherwise.11

Lastly, the variable for stimulus announcements Stimulusct is the sum of all govern-
ment policy announcements that signal significant changes in fiscal or monetary policy.
We collected these from an array of media websites.

Figure 2 describes the evolution of our three policy measures over the sample period
and across 54 countries, measured as a simple average across the three regions defined
above. Looking at internal restrictions in the top-left panel, it is clear that most policy
change occurs between the 13th and 24th of March, when the average index increased
from one to over three. Europe and North America behave similarly to the rest of the

11As far as we know, no countries in the sample officially stated that its own citizens were not allowed to
re-enter the country, but there were several instances when borders were so tightly closed it was virtually
impossible for citizens to obtain transport back into the country.
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Figure 2. Average Policy and COVID19 Cases by Region
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Note: This figure plots the average value of the three policy variables constructed in this article
and log of COVID-19 cases across three regions in the sample of 54 countries.

world, while the Asian countries imposed some internal restrictions much earlier but
settled at a lower average level. Travel Restrictions behave similarly, with many coun-
tries in the sample completely closing their borders around mid-March, and Asian and
Oceanic countries again implementing policy change sooner than the other regions. The
Asian region adopted an incrementalist approach to Stimulus announcements of frequent
announcements of small policy changes, while the other regions tended to announce large
stimulus packages in Mid-March.

The above discussion masks significant heterogeneity in policy within regions. Figure
3 plots the number of policy announcements made in each category between February
and May. The peak of the distribution sits firmly within early-to-mid March, for internal
restrictions, and the middle of March for travel restrictions. Nevertheless, more than a
few internal restriction announcements were made in early and late March (with some
even in early April and February). And for travel restrictions there were a number of
countries such as Australia and New Zealand who were gradually ramping up entrant
restrictions throughout the end of January to early March.

It is worth considering whether countries that announced strong containment policies
earlier than most others, which we’ll call the ‘early countries,’ had different consumer
panic patterns than those who announced their policies late, which we’ll call the ‘late
countries.’ Figure 4 considers average internal restrictions and average panic across seven
notably early countries and seven notably late countries. The early countries had moved
to tight internal restrictions by early March, and average panic seems to track the policy
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Figure 3. The Timing of Policy Announcements
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Note: This figure graphs the distribution of new policy announcements by date across the three
categories.

Figure 4. Average Panic and Internal Restrictions by Group
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Note: ‘Early Countries’ include Austria, Belgium, Ireland, Italy, Hong Kong, Norway, and
Romania. ‘Late Countries’ include India, Mexico, Qatar, Singapore, Sweden, the United Arab
Emirates, and Vietnam.

index very closely for these countries until the panic decays in late March and April.
The late countries had a very different experience, where tight restrictions on movement
did not occur until late in March. In the late countries panic peaks well prior to the
implementation of tight policy measures, and panic also dissipates much more slowly.
This suggests two hypotheses about the relationship between internal restrictions and
panic: First, that individuals in a country not only react to domestic policy change but
also overseas policy change. Second, that the effect of announcing internal restrictions
on panic may depend crucially on the international context in which it is announced,
with late implementation leading to less consumer panic in the short-run.

Finally, Figure 5 presents the experience of four countries in detail: Italy, the United
Kingdom, France, and Australia. The subgraphs for each country feature the panic
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Figure 5. Panic, COVID-19, and Government Policy in Select Countries

0
2

4
6

8

0
.0

5
.1

.1
5 Italy

0
2

4
6

8

0
.0

5
.1

.1
5

.2 United Kingdom

0
2

4
6

8

0
.0

2
.0

4
.0

6
.0

8
.1

Feb Mar Apr May

France

0
.2

.4
.6

0
.2

.4
.6

.8

Feb Mar Apr May

Australia

In
cr

ea
se

 in
 C

O
VI

D
-1

9 
C

as
es

 ('
00

0)

Pa
ni

c 
In

de
x

Panic Index Internal Restriction Announced
Increase in COVID-19 Cases Travel Restriction Announced

index from February to May, the daily increase in COVID-19 cases (in thousands), and
announcements of internal and travel restrictions which are shaded in two colors.

In Italy there was a brief spike in panic on Feb. 23-24, around the time that outbreaks
were reported in northern Italy and several governors imposed interstate travel restric-
tions. The real surge in panic began in the second week of March, and it continued to
climb until March 22, when our panic index peaked at three times its normal level. In
early March the government began implementing restrictions on medium and large sized
gatherings, including restrictions on movement in the worst affected parts of the country.
On March 20 a nationwide lockdown was announced, and soon after that panic reached
its peak of 0.15. Since then, panic has trended down in a way entirely consistent with
declines in the number of new cases per day from about 6,000 to about 2,000.

France offers an interesting comparison as the panic surges and subsides much quicker
than in Italy, akin to the rapid speed in which containment policy escalates. A nationwide
lockdown was announced in France on the 16th of March, which is the same day that
panic reaches its peak of 0.083. Comparing the trends in daily COVID-19 cases, it’s also
clear France implemented its lockdown sooner in the life of viral transmission.

In the United Kingdom panic peaks roughly the same time as in Italy even though the
virus started spreading much later. The peak of panic occurs simultaneously with the
announcement of internal restrictions, with a school closing announcement on the 18th
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of March and restrictions on gatherings and movement being announced on the 20th and
the 23rd of March. Unlike Italy and France, the number of new COVID-19 cases has not
declined by the end of the sample period.

The experience of Australia is notable for the incredible speed and scale with which
panic took hold in early March. On March 2nd the panic index was at 0.08, already
double its typical level. Two days later it increased to 0.79, which is exceeded only by a
value of 1.03 in Japan on Feb. 28th. Unlike in other countries, the escalation in panic
does not appear to correspond with any significant increase in domestic COVID-19 cases.
Indeed, it is important to note that axes in Figure 5 are scaled differently for Australia:
It has an order of magnitude higher peak panic index and lower peak caseload than the
other three countries! Nor does any important policy announcement seem to explain the
panic: While a travel ban from Iran was announced on the 1st of March, it seems unlikely
that this was important enough to be the direct cause. Restrictions on gatherings were
announced on March 13th, along with a series of escalating travel restrictions, which
coincides with a secondary minor peak in the middle of March.

Looking at these four examples, we see a great deal of heterogeneity in the timing and
severity of consumer panic, the timing of COVID-19 transmission across countries, and
finally the timing and severity of containment policy. It would be exceedingly difficult to
make conclusions on the likely causes of panic surges without a multivariate statistical
model of panic, to which we now turn.

3. METHODOLOGY

3.1. Conceptual Framework

It is useful to first present a simple conceptual framework to motivate our empirical
specification. To set ideas, let Pct denote the level of consumer panic for a typical
consumer in country c on day t of the pandemic. Let Sct denote the severity of the
pandemic, and let Rct denote the policy regime in place in country c on day t. Then we
may write:

Pct = F (E(Sct|Ict), E(Sct+1, ...|Ict), Rit, E(Rct+1, ...|Ict), µc) (3.3)

Here E(Sct|Ict) denotes the perceived severity of the pandemic on day t, conditional on
the available information set Ict. Similarly, E(Sct+1, ...|Ict) denotes the expected severity
of the pandemic in future periods. µc is a range of country-specific factors that affect
the propensity to panic (e.g., cultural factors, strength of the social safety net).

The information set has the form:

Ict = (Cct, Cc,t−1, ..., Cft, Cf,t−1, ..., Rct, Rc,t−1, ..., Rft, Rf,t−1) (3.4)

where Cct denotes the COVID-19 caseload in country c on day t, and Cft denotes a vector
of caseloads in foreign countries. Similarly, Rct denotes the policy regime in country c
on day t, and Rft denotes a vector of policy regimes in foreign countries. Thus, the
information set includes current and lagged caseloads both domestic and foreign, as well
as current and lagged policies, both domestic and foreign.

In writing (3.3)-(3.4) we assume that consumers have incomplete information about
the severity of the crisis, which seems obvious given that even epidemiologists have great
uncertainty on the virulence and transmissibility of COVID-19 at this stage of the pan-
demic. We assume consumers use COVID-19 caseloads, both domestic and foreign, to

127
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
15

-1
42



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

infer the severity of the pandemic. Consumers also use government policy as a signal of
the severity of the pandemic, under the reasonable assumption that governments and the
experts they consult have information about the pandemic exceeding that of the typical
consumer.12

We may consider equation (3.3) the “structural” equation for consumer panic. The
“reduced form” equation for consumer panic is obtained by substituting out for the
unobserved expectation terms in (3.3) using the information set in (3.4) to obtain:

Pct = f (Cct, Cc,t−1, ..., Cft, Cf,t−1, ..., Rct, Rc,t−1, ..., Rft, Rf,t−1, ..., µc) (3.5)

In this framework the policy regime Rct affects consumer panic through four channels.
First, there is the direct effect of the policy. Second, there is the effect of the policy on
expected future policy. Third, there is the effect operating through the impact of policy
on the perceived current severity of the pandemic E(Sct|Ict). Fourth, there is the impact
of policy on the expected severity of the pandemic in the future E(Sct+1, ...|Ict).

As a simple example, consider an internal movement restriction that makes it more
difficult for consumers to leave home and visit the store. First, as discussed in the in-
troduction, anything that raises the cost of store visits will cause consumers to desire
higher inventories. Thus, a new internal restriction may generate “panic” buying (i.e.,
heavy stockpiling) in the short run. Second, if the policy leads consumers to expect
even tighter restrictions in the future, it will encourage even more demand today. Third,
if consumers have incomplete information about the severity of the crisis and use gov-
ernment policy as a signal, it is plausible that a new internal movement restriction may
cause panic by causing consumers to infer that the crisis is worse than previously thought.
Fourth, stronger government action may increase confidence about the future course of
the pandemic, reducing fears of future shortages. Through this channel, a new internal
movement restriction may reduce consumer panic.13

The overall impact of any policy move on consumer panic will depend on the balance
of these four forces. The first key point we wish to make is that this balance is likely
to depend on the consumer information set, and in particular the time since the start
of the crisis. Early in the pandemic, when there is a great deal of uncertainty about
its severity, the third channel is likely to be very strong, so we would not be surprised
if strong policy action induces consumer panic. Later in the crisis, when consumers
have better information, we hypothesize that this third channel is weaker, so that policy
actions will be less likely to induce panic.

The number of COVID-19 cases reported in foreign countries provide signals about the
current and likely future severity of the pandemic in one’s own country. Policy actions
of foreign governments are also likely to be a key source of consumer information about
the potential severity of the pandemic in their home country. They may also provide
signals about the likely future policies one’s own government will adopt. Thus, foreign

12See Avery et al. (2020) for a discussion of alternative epidemiological models, as well the uncertainty
about the inputs to those models. Their paper discusses how the caseload projections of the Imperial
College model in Ferguson et al. (2020) significantly influenced several leading countries, such as the US
and UK, to impose strict social distancing rules after an initial response that was more moderate.
13The severity of the pandemic at time t will be some function of past severity and past containment
policy Sct = g (Sct−1, Rct−1). In Section 2.2 we defined the internal restriction policy measure Rct so
larger values imply stricter constraints on movement. So it is reasonable to assume that ∂Sct/∂Rct−1 <
0. A similar assumption makes sense for travel restrictions. But in the case of stimulus announcements it
is not clear why they would affect virus transmission, a point we return to when interpreting the results.
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government policies Rft and foreign caseloads Cft may also affect domestic panic through
channels two through four described above.

A key issue we wish to address is whether the level of panic induced by domestic policy
action depends on the timing of that action relative to other countries. We hypothesize
that if a country acts early the second channel (i.e., policy action signals a more severe
crisis) is likely to dominate, so that early strong policy actions will induce short run
panic. We also hypothesize that if a country acts relatively late, then the severity of the
pandemic will already be fairly well understood, so this signalling mechanism will be less
strong. Thus, we expect later action to induce less consumer panic. To capture these
type of effects, it is important that when we specify the reduced form model in (3.5) we
allow the policy regime in foreign countries to moderate the impact of domestic policy.

3.2. Reduced Form Model of Consumer Panic

Guided by the above conceptual framework, we proceed to specify a reduced form model
of consumer panic. A priori, we decided to model consumer panic as a dynamic process
in which the level of panic in country c on day t depends on it’s own lagged level, as well
as changes in the forcing variables (i.e., domestic and foreign policy regimes, domestic
and foreign cases) from day t−1 to day t. This was because we expected that changes in
policy and COVID-19 cases would have strong short-run effects on panic, but that these
effects would die off rather quickly. After some experimentation with functional form,
we arrived at the following model as our main specification:

lnPct = µc +

1∑

ℓ=0

(βℓ∆Rc,t−ℓ + γℓ∆ �Rf,t−ℓ + λℓ(∆Rc,t−ℓ ∗ �Rf,t−ℓ))

+ θ1∆lnCct + θ2∆Cct + θ3(∆lnCct ·∆Cct) + θ4∆lnC∗
ct + θ5∆C∗

ct

+ θ6∆lnCft + θ7∆Cft + θ8∆CCN,t + θ9CCN,t · Ic∈Asia

+

2∑

ℓ=1

ρℓlnPc,t−ℓ +ψdayt + ect

(3.6)

Here lnPct is the log of the panic index for country c on day t, and the model includes
two lags of the dependent variable. Rct = [Internalct, T ravelct, Stimulusct] is a vector
of our three policy variables: Internal Restrictions, Travel Restrictions, and Stimulus
Announcements. These enter the model in first difference form (∆Rct) and we include
both the current and first lagged daily difference. Rft is a vector of the same three policy
variables for foreign countries, measured as the simple average across countries outside
of country c.14 We also enter this variable in first-differenced form, including one lag.

The term λℓ(∆Rc,t−ℓ ∗ Rf,t−ℓ) allows the effect of domestic policy changes to vary
depending on the international context in which they are announced, where the interna-
tional context is captured by Rft, the average level of the policy variables in countries
outside of c. If λpℓ < 0 then the effect of announced changes in policy ∆Rc,t−ℓ on panic
is reduced the more governments overseas have already announced that change in policy.
We hypothesize that λpℓ < 0 based on the discussion in Section 3.1.

14We experimented with weighted averages based on criteria such as distance, GDP, population, and
the incremental R2 when panic in country c is regressed on measures for each foreign country separately.
But these refinements had little impact on the results.
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We let changes in the number of confirmed COVID-19 cases enter the model in several
different ways. First, we enter the daily percentage change in domestic cases, ∆lnCct, the
daily absolute change in domestic cases, ∆Cct, and the product of these two terms. Early
in the pandemic, when caseloads are low, large daily percentage increases are sometimes
observed. Later in the pandemic, when caseloads are higher, the daily percentage changes
are typically small, but the absolute changes can be large. We included both percentage
and absolute changes, as well as their interaction, as this allows the model to be quite
flexible in terms of how caseloads affect consumer panic.

Second, we were interested to see if surprise changes in caseloads had larger effects than
predictable changes. To test this, we built predictive models for both percentage and
absolute changes in caseloads (available on request). We defined the surprise changes in
caseloads as the residuals from these models. These are denoted by ∆lnC∗

ct and ∆C∗
ct in

equation (3.6). Third, we also allow foreign reported cases to influence domestic panic.
We include both the daily percentage change in foreign cases, ∆lnCft, and the daily
absolute change in foreign cases, ∆Cft.

Fourth, we cannot include mainland China directly in our model as it restricts access
to Google. However, as the pandemic originated in China, we include the number of
confirmed changes in mainland China as a driver of consumer panic in other countries
CCN,t. We also included an interaction between the number of Chinese cases and and
indicator for whether country c is in East or Southeast Asia, to allow for the possibility
that Chinese cases have a larger effect on consumers in nearby countries. Finally, dayt

is a vector of day-of-the week dummies to capture daily differences in search activity.
The term µc is a country specific fixed effect meant to capture differences across coun-

tries in the baseline level of Google search activity for panic related terms. We estimate
the model by fixed effects, relying on the fact that we have a long panel (T=116) so that
the so-called Nickell (1981) bias that arises from applying a fixed effects estimator to a
lagged dependent variable model in a panel with small T is rendered negligible.

We assume the error eit satisfies usual assumptions: serially uncorrelated, homoskedas-
tic, independent in the cross-section and independent from the regressors. We found ev-
idence of conditional heteroskedasticity, and applied a weighted least squares procedure
described below. Given this, we show in Section 4 that the model passes a stringent set
of specification tests, so the testable assumptions on the errors are not rejected.

Before turning to the results, there are two additional details of the specification. First,
to avoid having the log of the panic index be too sensitive to days with exceptionally
low levels of search activity, we add .01 to the index before taking the log, so that we
actually work with ln(Pct + .01). The value .01 corresponds to roughly the first decile of
the distribution of Pct across all countries and days in the sample (Recall from Table 1
that Pct has a mean of .049). Second, to mitigate extremely large percentage increases in
number of cases starting from very low levels, we added 50 to the number of cases before
taking the log, so we actually work with ∆log(Cct + 50). The value of 50 was obtained
after a grid search to determine which value gave the best fit to the data.

4. RESULTS

Here we present empirical results from estimating the consumer panic model of equation
(3.6) on the panel data set described in Section 2. First we present results from a
simplified model that includes only domestic policy and COVID-19 case data. Then we
present results from our full model that also includes international variables.
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Table 2. Regression Models of Panic during the COVID-19 Pandemic

Models of ln(panicct):
Model 1 Model 2

β S.E. β S.E.

Internal Restrictions:
∆Internalct 0.083 0.016 0.123 0.027
∆Internalct−1 0.069 0.016 0.144 0.031
∆Internalft 0.292 0.087
∆Internalft−1 0.234 0.110
∆Internalct ∗ Internalft -0.032 0.013
∆Internalct−1 ∗ Internalft−1 -0.046 0.014

Stimulus Announcements:
∆Stimulusct 0.052 0.022 0.102 0.044
∆Stimulusct−1 0.020 0.024 0.041 0.047
∆Stimulusft 0.068 0.138
∆Stimulusft−1 0.134 0.132
∆Stimulusct ∗ Stimulusft -0.082 0.035
∆Stimulusct−1 ∗ Stimulusft−1 -0.038 0.037

Travel Restrictions:
∆Travelct 0.010 0.008 0.024 0.017
∆Travelct−1 0.008 0.008 0.015 0.019
∆Travelft -0.068 0.049
∆Travelft−1 -0.064 0.042
∆Travelct ∗ Travelft -0.007 0.004
∆Travelct−1 ∗ Travelft−1 -0.004 0.005

Domestic COVID-19 Cases:
∆ln(Cct) 0.848 0.062 0.356 0.071
∆Cct 0.004 0.002 0.004 0.002
∆Cct ∗∆ln(Cct) 0.022 0.023 0.032 0.017
∆ln(C∗

ct) -0.462 0.087 -0.142 0.086
∆C∗

ct -0.004 0.005 -0.006 0.004

International COVID-19 Cases:
∆ln(Cft) 0.689 0.136
∆Cft 0.013 0.007
∆CCN,t -0.001 0.003
∆CCN,t ∗Asiai 0.018 0.009

Autoregressive Terms:
ln(panicct−1) 0.447 0.012 0.392 0.012
ln(panicct−2) 0.251 0.012 0.235 0.012

Diagnostics:
AR1 Term of êct -0.014 0.013 0.021 0.013
CD Test p-value 0.000 0.152
Sims Test p-value 0.000 0.128
R2 – Within units 0.625 0.636

Note: Estimation is performed by WLS. Both models have 6, 264 observations, with
N = 54 and T = 116. The models also include country and day of the week effects.
The CD Test refers to the Pesaran (2015) test with a null of weak cross-sectional
dependence. The Sims Non-Causality Test refers to a F-test on the significance of
three leads of all the regressors as suggested by Sims (1972).
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4.1. Domestic Model

The first two columns of Table 2, labelled “Model 1,” report results from a restricted
model that includes only domestic COVID-19 cases and domestic policy variables, omit-
ting the foreign variables from equation (3.6). In this model both the current and lagged
change in internal restrictions are highly significant. The point estimates imply that if
a government increases internal restrictions by 1 on a 0-5 scale (e.g. closing schools or
restricting gatherings) this causes the panic index to increase by approximately 8.3% on
the same day. (Subsequent changes are more difficult to interpret as the model contains
the lagged policy change and two lags of the panic index, so we present impulse response
functions later.) The current period stimulus is also significant, but with a smaller effect
size, while travel restrictions are insignificant.

Both the percentage and absolute changes in COVID-19 cases are significant determi-
nants of panic, but their interaction is not significant. The point estimates imply that a
10% increase in confirmed COVID-19 cases increases the panic index by 8.5%, which is
similar to the effect of the one unit increase in our internal restriction measure.

The results from this simplified model are suspect however, as the specification tests
point to a number of severe problems. On the plus side, we do not find evidence of
serial correlation in the residuals, suggesting our lag structure is adequate. Additional
lags of the dependent and independent variables were not significant in this model or
in the specifications discussed below. However, the Pesaran (2015) test overwhelmingly
rejects the null hypothesis of “weak” cross sectional dependence. The implication is
that the residuals contain important shocks that are correlated across countries. And a
Sims (1972) non-causality test finds that leads of the policy variables are highly signif-
icant in the panic equation, thus rejecting the hypothesis that the policy variables are
predetermined with respect to consumer panic.

4.2. Main Specification

We report results from the full model of (3.6) in the right two columns of Table 2, labelled
“Model 2.” This model adds international COVID-19 cases and policy variables. Our
full model easily passes the Pesaran CD Test and Sim’s non-causality test, implying that
the international caseload and policy variables account for the non-weak cross-sectional
dependence found in Model 1, as well as the error component that predicts future policy.15

These results are intuitive in the pandemic context for two reasons: First, it seems clear
that foreign caseload and policy changes influence domestic consumer panic. Indeed,
quite a few countries experience spikes in the panic index prior to having substantial
numbers of confirmed domestic cases. Hence, controlling for the international variables
purges the residuals of the component that induces cross-sectional dependence. Both
foreign caseload and policy changes clearly have strong influences on future domestic
policy decisions. Hence, controlling for the international variables purges the residuals
of the component that predicts future domestic policy.

In the full model both the current and lagged change in internal restrictions are again

15If we estimate the full model of equation (3.6) by applying a within transformation and running
OLS (thus obtaining the fixed effects estimator via the Frisch-Waugh theorem) there is evidence of
conditional heteroskedasticity. We model this heteroskedasticity (results available on request) and then
apply weighted least squares.
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highly significant. As we see in Table 2, the average level of internal restrictions in foreign
countries is also a significant positive determinant of domestic consumer panic, suggesting
that domestic consumers use foreign government policy as a signal of the severity of the
pandemic and/or to predict their own government’s future policy. The magnitude of the
coefficients on the foreign averages is roughly double those on domestic restrictions, but
note that changes in the international averages tend to be smaller from day to day.

Furthermore, the interactions between domestic internal restrictions and the average
level of restrictions in foreign countries are negative and significant. This supports our
key hypothesis that internal restrictions tend to cause less domestic consumer panic if
they are introduced relatively late in the pandemic compared to other countries.

Figure 6 shows impulse response functions for domestic internal movement restrictions,
evaluated at the average international level of internal restrictions on three different
dates: Feb 21 (early), March 13 (middle) and April 1 (late). If a government increases
internal restrictions by one unit (e.g. closing schools or restricting gatherings) on Feb
21 it causes the panic index to increase by approximately 12% on the same day. The
effect peaks at about 18% on day 2, and then gradually vanishes after about a week to
ten days. But if a government delays until March 13 the peak is only about 13% on
day 2, and if the government delays until April 1st the impulse response function shows
no significant effects (although the short-run impact is imprecisely estimated and the
confidence interval covers a range of about +10% to -10% on the first and second day).

Our point estimates imply that stimulus announcements also have a positive short-run
effect on consumer panic. Again, the interaction with the international average of stimu-
lus announcements is also significant, implying the effect is lessened if the announcement
comes “late” relative to other countries. But the impulse response functions on the right
side of Figure 6 show the effects of stimulus announcements are both weaker and less
precisely estimated than those of internal movement restrictions. As was the case with
internal restrictions, we find the effect of stimulus announcements on panic diminishes
if they come later in the pandemic. We find no statistically or quantitatively significant
effects of travel restrictions (impulse response not shown).

Finally, we consider the role of COVID-19 caseloads. Both percentage and absolute
changes in domestic COVID-19 cases are significant and positive drivers of panic, as is
the interaction between the two. Given our flexible specification, the overall effect of a
given increase in cases depends on both the percentage and absolute change. The impulse
response functions in the left panel of Figure 7 show the effects of average increases of
COVID-19 cases in February, March and April. The average (across all countries) of the
daily increases were 1% on a base of 15 cases in February, 11% on 2,900 cases in March,
and 7.3% on 18,600 cases in April. Thus, both percentage and absolute changes tend
to be small in February. The largest percentage increases tend to be in March, and the
largest absolute increases tend to be in April.

Our model implies the typical March daily increase in caseloads would have increased
the panic index by about 4% immediately, with an effect that dies off over time, becoming
negligible after about a week. Effects of typical April changes in caseloads are about 25%
smaller. This combined with the fact that most policy announcements were concentrated
in March (see Figure 3) is consistent with the fact that most countries saw very low levels
of the panic index in February, following by peaks of the panic index during March, with
the index declining through April (see Figures 1, 4, 5).

Interestingly, we find that surprise changes in domestic cases have no greater effect on
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Figure 6. Impulse Response Functions For Policy Change
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panic that absolute changes. Thus, it seems that consumers react to the total changes
in cases, rather than reacting to the surprise component per se.

International COVID-19 cases are very significant determinants of domestic panic, both
statistically and quantitatively. Impulse response functions in the right panel of Figure 7
show effects of average increases in worldwide COVID-19 cases in February, March and
April.16 Our model implies the typical March daily increase in caseloads increased the
panic index by about 11% immediately, with an effect that dies off over time, becoming

16As we noted earlier, the average (across all countries) of the daily increases are 1% on a base of 15 cases
in February, 11% on 2,900 cases in March, and 7.3% on 18,600 cases in April. The international average
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Figure 7. Impulse Response Functions For COVID-19 Case Increases
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Note: The average daily increase in February is a percentage increase of 1% and absolute increase
of 2, in March it is a percentage increase of 11% and absolute increase of 314, and in April it is
a percentage increase of 5.5% and absolute increase of 1,564.

negligible after about a week. Effects of typical April changes in caseloads are similar.
Comparing these impulse response functions to those for domestic cases in the left panel
of Figure 7, we see that international cases have substantially larger effects on domestic
panic that domestic cases. This makes sense, give that large caseloads were concentrated
in a relatively few countries, while panic was widespread across many countries.

caseload changes used to construct the right panel of Figure 7 are the same as the average domestic
changes use to construct the left panel.
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Finally, we find that cases in China are a significant determinant of panic in East
and Southeast Asian countries, but not elsewhere. Overall, we have found that both
international policy regimes and international cases are important drivers of domestic
panic, suggesting that consumers do pay attention to international conditions.

4.3. Model Fit

Figure 8 illustrates how the model fits the time series of the panic index data for selected
countries. The figure presents fitted values of the daily panic index based on current and
lagged values of the forcing variables (i.e., policy variables and COVID-19 cases). We
present both conditional predictions, where the two lags of the panic index in equation
(3.6) are always set at their true values, and unconditional predictions, where we plug
in the two previous day’s predicted panic indices from the model. Italy and France are
examples of countries where the model provides very good predictions of the path of the
panic index based on the forcing variables.

Our model fits the UK somewhat less well, as the conditional predictions only generate
about half to two-thirds of the increase in panic. This is largely due to the fact that UK
panic index rises to substantially higher levels than those of Italy and France, and the
large UK increase is not easy to explain based on the forcing variables. Also, referring
back to Figure 5, one can see that in Italy and France domestic cases began to rise and
internal restrictions were announced prior to the large spike in panic in early to mid-
March. But in the UK panic increased substantially prior to the emergence of substantial
domestic cases or internal restrictions. So the increase in panic in the UK in early March
is driven largely by international cases and policies.

Australia is an example of a country where the panic index had a massive spike on a
particular day (March 2) and the model is not able to explain why this occurred. As we
noted in Section 2, the increase in the panic index in Australia was an order of magnitude
greater than we observe in almost any other country, so it is not at all surprising that
our model cannot explain it. The other countries with similar hard to explain massive
spikes are Japan, Taiwan and Singapore.17 It is of course not surprising that a variable
like “panic” is sometimes hard to predict based only on observed forcing variables, so we
would argue that - with the exception of this set of countries - the model generally fits
quite well. (An Appendix showing the fit for all 54 countries is available on request).

4.4. Discussion

As we discussed in Section 3.1, there are four channels through which internal restrictions
may plausibly affect consumer panic, and the overall effect depends on the balance of
these four. Recall that internal restrictions: (i) increase the cost of store visits, which
increases desired inventories, leading to a short-run spike in demand, (ii) increase ex-
pected future costs of store visits, with a similar effect, (iii) increase perceived severity
of the pandemic, which may increase consumer panic, and (iv) reduce expected future
severity of the pandemic, which may reduce consumer panic. Estimates from a reduced

17In addition, the model under-predicts the magnitude of early panic spikes in the US, Canada, Mexico
and Germany. But, unlike Australia, Japan, Taiwan and Singapore, it underestimates the magnitude of
the spikes rather than missing them altogether (similar to the case of the UK).

136
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
15

-1
42



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

Figure 8. Conditional and Unconditional Predictions of Log Panic from Model 2
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form model cannot disentangle these different channels, but our model implies that the
three panic increasing effects dominate until very late March and early April.

Our model also implies that stimulus announcements have a significant positive effect
on consumer panic in the short-run, but the point estimates imply this is much weaker
than the effect of internal restrictions. A weaker effect seems plausible, as stimulus
announcements do not have any plausible effects on the cost of store visits, so channels
(i)-(ii) are not operative. Their only positive effect on consumer panic would seem to
operate through channel (iii), as they may signal greater severity of the pandemic.

Our model implies that travel restrictions have no significant effect on consumer panic.
Again, travel restrictions have no plausible effects on costs of store visits, so channels
(i)-(ii) are not operative. Our results suggest that the signalling effect of travel restric-
tions, operating through channel (iii), is fully counter-balanced by channel (iv), whereby
consumers expect that travel restrictions will help mitigate the severity of the pandemic
in the future, thus reducing panic.

Another key finding is that both foreign cases and the policy decisions of foreign gov-
ernments contribute to domestic panic. A model that fails to account for this was found
to be seriously misspecified, as it suffered from meaningful cross-sectional dependence
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and a failure of the predetermination assumption for the domestic policy variables. This
is because the foreign caseload and policy variables contribute not only to domestic
consumer panic in the short run, but also to future domestic policy decisions.

5. CONCLUSION

Panic buying of storable consumer goods is a common phenomenon during natural dis-
asters and man-made crises. But consumer panic has been little studied from an econo-
metric point of view (A notable exception being Hansman et al. 2020). This is because of
the difficulty of obtaining suitable data, and the lack of variation in the determinants of
panic. Typical panics are one-off events where consumers in a particular location react to
news of a crisis (e.g., an approaching hurricane) by stockpiling consumer goods. The na-
ture of such a panic makes it difficult to study using conventional econometric methods:
First, relevant high frequency data on consumer response is difficult to obtain because of
the very suddenness of the event. Second, panic events (like a hurricane) typically affect
a particular group pf consumers in a particular location at about the same time. Thus
it is hard to find variation in the forcing variables that drive the a panic.

The COVID-19 pandemic provides a unique opportunity to study consumer panic for
two reasons: First, the panic has affected nearly every country on earth, but at different
times and to different degrees. Thus, there is a great deal of variation across locations
in the timing and severity of the panic-inducing event. Furthermore, governments have
responded to the pandemic with a variety of different policies implemented at different
times and with differing strictness, generating variation in the policy drivers of panic.

The first contribution of this article is to construct a daily index of consumer panic
for 54 countries, covering the key period from January 1st to late April 2020. Spikes in
the index align well with the timing of stockpiling as measured in the IRI (2020) data
for the subset of countries where IRI data is available. We also construct daily data
on government policy announcements in response to the pandemic, including internal
movement restrictions, travel restrictions and economic stimulus. And we collect daily
data on COVID-19 cases for all 54 countries.

The result is a high-frequency panel dataset on consumer panic, government policy
and COVID-19 cases that covers many countries over a key four month period of the
pandemic. By exploiting the heterogeneity in the timing and severity of panic, along with
the heterogeneity in governmental policy response and virus transmission, a panel data
model is better placed to overcome issues of spurious regression that would inevitably
arise from a time series or cross-sectional study of the same problem.

The second contribution of this article is to build a dynamic model that allows for panic
to respond to domestic and international policy change, and domestic and international
virus transmission. Importantly, our model allows the effect of domestic policy to depend
on the international context. We show that a model that attempts to predict panic based
only on domestic events is seriously misspecified, but that a model that incorporates the
international context passes a stringent set of specification tests.

Our results show that the announcement of internal movement restrictions generates
considerable consumer panic in the short-run, but the effect largely vanishes after a week
to ten days. Consumer panic also responds to announcements of internal movement
restrictions in foreign countries, suggesting that consumers take these as a signal of the
severity of the pandemic and/or likely future policy in their home country. Furthermore,
internal movement restrictions generate less panic if they are implemented relatively late
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compared to other countries. The other two policies we consider, travel restrictions and
stimulus announcements, do not appear to generate significant consumer panic.

Consumer panic is also sensitive to both domestic and worldwide COVID-19 cases. We
find that consumers are most sensitive to changes in COVID-19 cases that are large in both
percentage and absolute terms. They are less responsive to large percentage increases
from a small base, or large absolute changes from a large base. This emphasises the
midway point of the curve of new COVID-19 cases.

It is important for governments to better understand how to minimize consumer panic
while pursuing their policy goals in a pandemic environment. For example, one possible
lesson for government is that, in the early stages of a pandemic, when internal restrictions
are first being contemplated, large retailers could be advised to carry extra stock of key
consumer goods. Given that the panic induced by internal restrictions is sudden but
short lived, having extra stock to handle and an initial surge in demand could prevent
shortages and hence prevent consumer panic from taking hold in the first place.

It is particularly important to learn lessons from the COVID-19 pandemic given that
future pandemics are essentially inevitable, whether in the near term from a second wave
or new strain of COVID-19, or longer term as new virus strains emerge. This article is the
first attempt to model the determinants of consumer panic in a pandemic environment,
but there is significant scope for this to be an area of active future research.
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APPENDIX: TRANSLATING THE ENGLISH SEARCH TERMS

Table 3 contains an extensive list of translations of the English keywords that we used
to derive the panic index. The priority was to obtain translations that were being ac-
tively searched in the relevant countries over the last four months. If a literal or strict
translation did not yield sufficient google search activity, a loose translation or even a
translation of a related concept that had more activity would be chosen instead (e.g. a
translation of ‘stockpiling’ instead of ‘hoarding’). In our acknowledgements we mention
the native speakers that helped us by looking at the translations and suggesting possible
alternatives. Translations for the remaining languages, which are Russian, Vietnamese,
Arabic, Persian, Turkish, Hindi, Greek, and Thai can be found in the files of the online
replication package released alongside this article.
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Table 3. Example Translations of the English Google Search Terms

English Keywords: Toilet
Paper Panic Panic

Buying Hoarding Supermar-
ket Recession Unemploy-

ment

French papier
toilette panique pénurie palissade super-

marché récession chômage

German Toiletten-
papier Panik Ham-

sterkäufe Vorrat Super-
markt Rezession Arbeit-

slosigkeit

Spanish papel
higiénico

panico +
incer-

tidumbre

desabastec-
imiento +

compras de
panico

acopio supermer-
cado recesión desempleo

Portuguese papel
higienico histeria escassez aglomer-

ação
supermer-

cado recessão desem-
prego

Italian carta
igienica panico

coron-
avirus

supermer-
cato

scorta supermer-
cato recessione disoccu-

pazione

Dutch toiletpa-
pier paniek hamsteren voorraad super-

markt recessie werk-
loosheid

Polish papier
toaletowy panika skład-

owanie skarb recesja bezrobocie

Danish toiletpapir panik lager hamstring super-
marked

arbejd-
sløshed

Finnish vessapa-
peri paniikki hamstraus aita lama työttömyys

Swedish toalettpap-
per panik hamstra hamstring mataffär lågkon-

junktur
arbet-
slöshet

Norwegian toalettpa-
pir panikk hamstre samler dagligvare-

butikk resesjon arbeid-
sledighet

Japanese
トイレッ
トペーパ
ー

パニック 買いだめ 買いだめ
スーパー
マーケッ
ト

不況 失業

Korean 화장지 공황 사재기 비축 마트 경기 실업

Chinese 衛生紙 恐慌 搶購 囤 超級市場 經濟蕭條 失業

Note: This table outlines some of the translations of the English keywords that we used for
other languages. The translations for the remaining languages, which are Russian, Vietnamese,
Arabic, Persian, Turkish, Hindi, Greek, and Thai can be found in the online replication package
released alongside this article.
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Daily suffering: Helpline calls 
during the Covid-19 crisis1
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Date submitted: 12 May 2020; Date accepted: 13 May 2020

We use helpline calls to measure psychological and social suffering in 
the population at a daily frequency. Our data are from Switzerland’s 
most popular free anonymous helpline, focusing on the Covid-19 crisis 
period. We compare calls (a) between the pandemic period of 2020 
and the corresponding period of 2019 and (b) along the timeline of 
the lockdown. We find the total volume of calls to have grown in line 
with the long-run trend. To the extent that calls did increase, this was 
mainly explained by worries linked directly to the pandemic: calls 
by persons over 65 and calls about fear of infection. Encouragingly, 
calls about violence were down on the previous year. Calls about 
addiction and suicidality increased during the initial phase of the 
lockdown, plateaued, and returned to their 2019 levels once gradual 
opening started. Calls about relationship problems decreased in the 
early phase of the lockdown, and gradually increased, again reaching 
2019 levels once opening up started. Overall, these results suggest that 
psychological and social strain is of second-order importance relative 
to the medical anxieties generated by the pandemic.

1 We are grateful to the board of the Swiss helpline “Die Dargebotene Hand (143)”, and especially to Sabine 
Basler and Ursula Stahel, for providing us with the high-quality data for this analysis. Their professionalism 
and generosity are much appreciated.

2 Professor of Economics, HEC Lausanne, University of Lausanne and member of the Swiss National COVID-19 
Science Task Force.

3 Professor of Economics, HEC Lausanne, University of Lausanne and member of the Swiss National COVID-19 
Science Task Force.
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1. Introduction 
 
 
How can one monitor the prevalence of psychological and social distress in the population at 
high frequency and in real time? And specifically now: how well are populations coping with 
the Covid-19 crisis? While medical and economic costs are being quantified and tracked at 
regular intervals, few measurements exist as yet on the concomitant psychological and social 
costs.  
 
Previous literature in public health has found quarantine to damage mental health and to 
increase loneliness (Brooks et al. 2020), and to be perceived negatively (Blendon, 2006). 
Implementing a generalised lockdown is built on solidarity, as the non-infected are 
restricting their movements to reduce the risk of transmission for everyone, and adherence 
to it is a public good (Dayrit and Mendoza, 2020). And quarantine is often the only option as 
isolation becomes increasingly ineffective in a situation of rapid increase in infections (Day et 
al. 2006). 
 
Switzerland adopted a partial lockdown of the country to tackle Covid-19. The government 
recommended staying at home as much as possibly, a mild form of isolation, and much less 
strict than quarantine. Nonetheless, individuals were much less in contact with other 
individuals, so the repercussions of the lockdown on psychological health could be 
substantial.  
 
We investigate helpline calls as a way of monitoring suffering in real time. We analyse call 
logs of the main Swiss telephone and online helpline, “Die Dargebotene Hand”.4 This is a 
very well-known nationwide free service, funded through charitable donations. The helpline 
allows people in various situations of mental or social distress to speak anonymously to a 
friendly and well trained volunteer.5 
 
Analysing calls to a helpline to gauge psychological and social strain is appealing for two 
main reasons. First, unlike survey answers, helpline calls can serve as a measure of “revealed 
anxiety” – given common inhibition thresholds, most people need to experience genuine 
distress  before calling the helpline.6 In that sense, helpline calls might be a more reliable 
gauge of the prevalence of severe psychological and social strain than survey responses. 
Second, helpline calls are logged on a daily basis and therefore allow for monitoring at high 
frequency and in real time. 
 
An additional advantage in the Covid-19 crisis is that helpline calls can be expected to attain 
particular relevance during a lockdown, when face-to-face contacts are severely limited. 
 
Switzerland has been in partial lockdown since Monday, 16 March 2020, after an 
announcement by the federal government on Friday, 13 March 2020. The plan for lifting the 

 
4 See https://www.143.ch/. 
5 Volunteers adhere to the standards of the International Federation of Telephone Emergency Services 
(www.ifotes.org). The fact that interlocutors are not professionals has been found to lower callers’ inhibitions 
towards contacting such helplines. 
6 Hoax calls are explicitly dropped from the call counts used in our data. 
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lockdown was announced on April 16, 2020: restrictions on a small number of sectors in 
retail trade were to be relaxed on April 27, 2020, while schools and the remainder of retail 
trade were announced to reopen on May 11. We therefore analyse time-averaged effects of 
the lockdown as well as their evolution since the start of the lockdown by comparing daily 
helpline calls before and after March 13, 2020 to the number of calls over the corresponding 
period in the previous year.  
 
 
2. Data and Estimation 
 
We have obtained daily counts of calls to the helpline “Die Dargebotene Hand” (DDH) for the 
period 28 February to 6 May in 2019 and 2020, resulting in a total of 136 daily observations 
covering 63,639 calls.7 The helpline answers some 470 calls per day, or 14,000 calls per 
month (30 days). Approximately 95% of “calls” are made by phone, with the remainder 
being lodged online (email and chat function). 
 
Callers remain anonymous, but helpline operators fill in call reports featuring their best 
guess of the gender and age category of the caller, as well as up to three problem types per 
call. For the purpose of this analysis, we distinguish the following nine “problem 
categories”:8 

1. Fear of infection (available in 2020, not in 2019) 
2. Economic worries  
3. Physical health 
4. Struggle with everyday life 
5. Psychological suffering 
6. Problems with relationships, family 
7. Loneliness 
8. Violence 
9. Addiction, suicidality 

 
Operators can log up to three problem types per call. On average in our data, 1.32 of those 
problem categories are recorded per call. 
 
We use the daily counts of calls by caller type and problem category to track the evolution of 
revealed anxiety before and after the announcement of the Covid-19-lockdown in 
Switzerland on Friday 13 March 2020. The Swiss lockdown implied closure of schools and 
non-essential services. The lockdown was only partial insofar as people were still allowed to 
move around freely and some economic activities, mainly in the primary and secondary 

 
7 This is not the universe of calls nationwide, as DHH has a decentralised structure and not all regional call 
centres report their data. The data underlying this study cover mainly calls in German from the following nine 
cantons: Aargau, Basel-Land, Basel-Stadt, Bern, Fribourg, Jura, Neuchâtel, Solothurn and Valais. These cantons 
together account for some 40% of the Swiss population. The fact that helpline volunteers only operate in the 
three main national languages, German, French and Italian, could imply a certain selection effect in so far as 
immigrant populations with limited local language proficiency may not be able to avail of the service. As 2020 is 
a leap year, we average the call counts for 28 and 29 February 2020 so as to have the same number of 
observations in both years. 
8 In the raw data, 17 problem types are distinguished. We aggregate them to obtain meaningful groups and to 
avoid cases with too few observations. We do not consider the problem type “miscellaneous” of the raw data. 
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sectors, continued. First steps towards lifting the lockdown were announced on 16 April, 
which is why we also highlight that date in some of our graphs. 
 
As a “control period”, we compare the evolution during the Covid-19 crisis to the 
corresponding counts of calls on the same dates in 2019. As daily call counts fluctuate 
greatly, we show 

• mean daily call counts in the sample periods for 2020 and 2019 (Figures 1 and 2), 
• moving averages with a two-week window (Figures 2 and 4), and 
• third-order polynomial fits allowing us to gauge the statistical significance of 

differences over time, within 2020 as well as between 2020 and 2019 (Figures 5 and 
6). 

 
We also report OLS regressions of call counts on various time measures, in Tables 1 and 2. 
Call counts are expressed in natural logarithms, in order for estimated coefficients to be 
interpretable as percentage effects. This allows us to control for weekend effects and for the 
fact that Easter fell nine days earlier in 2020 than in 2019. By allowing for square time 
trends, these regressions moreover allow us to test for possibly non-linear evolutions of 
certain call types. In this specification, the evolution of the number of problems would grow 
proportionally to calendar time, along the exponential trajectory of viral infection rates in 
the absence of social distancing. A quadratic specification allows testing whether calls grow 
first but decrease after the lockdown reduces the spread of the virus. 
 

 

3. Results 
 
 
Rather than discussing each graph and regression table individually, we present results by 
focusing straight away on what we consider the most important findings. 
 

Result 1: The volume of total calls is 5.7% higher in our 2020 sample period than in the 
corresponding 2019 period, in line with trend growth of previous years. 
 
The volume of calls between 28 February and 6 May 2020 was 32,694 (daily average 481), 
and it had been 30,945 in the corresponding 2019 period (daily average 455; see also the 
first panel of Figure 1). A joint test on the 2020-specific effects in the first column of Table 1 
shows this increase to be statistically significant. However, the average annual growth rate in 
total calls over the 2016-2019 period had been 5.3%. The Covid-19-crisis therefore does not 
seem to have triggered an unusual increase in the total number of calls.9 
 

 
9 The definition of a “call” in our data is a call that is answered by a volunteer and results in a conversation. 
Sometimes, calls cannot be answered because lines are busy or because of technical issues. We are assured by 
the data providers that the relatively modest year-on-year increase in “calls” is not due to capacity constraints 
(in fact capacity was expanded at the outset of the crisis, but demand growth has remained below 
expectations).   
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Result 2: The strongest increases in call numbers in the 2020 lockdown relative to the 
corresponding 2019 period are observed for persons aged >65 (+29%). 
 
This can be gleaned from Table 1, and it is illustrated in Figure 1. 
 
Given the greater health risks posed by Covid-19 to the elderly, it is unsurprising to see their 
revealed anxiety increasing the most. We see no significant difference in the increase of calls 
by men and women. 
 

Result 3: The problem categories that increased most in the 2020 lockdown relative to the 
corresponding 2019 period were “fear of infection” (new category), “loneliness” (+20%), and 
“struggle with everyday life” (+19%). 
 
This can be gleaned from Tables 2a and 2b, and it is illustrated in Figure 2. 
 
These findings suggest that the direct effects of the pandemic and the lockdown were the 
main sources of revealed anxiety. 
 

Result 4: The problem categories that decreased most in the 2020 lockdown relative to the 
corresponding 2019 period were “violence” (-25%), “economic worries” (-13%) and 
“relationships, family” (-7%). 
 
This can be gleaned from Tables 2a and 2b, and it is illustrated in Figure 2. 
 
These findings suggest that, on average over the lockdown period, “collateral” social strain 
through domestic violence and tensions within households did not increase relative to more 
normal times. On the contrary, calls motivated by such problems were down compared to 
the previous year.  
 
The decline in calls about violence is particularly encouraging, given widespread fears about 
the effect of stay-at-home policies on domestic violence. The Swiss lockdown was relatively 
soft, allowing people to move around outside freely. Hence, this pattern probably cannot be 
explained by victims being unable to call because they are locked in with their aggressors. 
 
The relatively low number of calls for economic reasons may be explained by the fact that 
the Swiss government acted early and decisively to compensate workers for lockdown-
related income losses. 
 

Result 5: Since the onset of the lockdown, the volume of total calls has remained relatively 
stable. 
 
This can be gleaned from the specifications in Table 1 that feature the variable “Days since 
13 March”, and it is illustrated in Figures 3 and 5. 
 
We find no statistically significant linear increase in total calls since the onset of the 
lockdown. Total calls by gender and age subgroups look similarly stable over time. Overall, 
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therefore, this analysis implies no indication of a gradual worsening of revealed anxiety over 
the duration of the lockdown. 
 

Result 6: Over the course of the lockdown, the prevalence of the problem category “fear of 
infection” has been decreasing. 
 
This can be gleaned from the specifications in Table 2a that feature the variable “Days since 
13 March”, and it is illustrated in Figures 4 and 6. 
 
The decreasing trend in the frequency of calls about “fear of infection” is likely due to 
increasing learning about and familiarity with the pandemic situation. 
 

Result 7: In the first month of the lockdown, the prevalence of the problem category 
“addiction, suicidality” increased, while the prevalence of the problem category 
“relationships, family” decreased. 
 
This can be gleaned from the specifications in Table 2b that feature the variable “Days since 
13_March”, and it is illustrated in Figures 4 and 6.  
 
Our estimations suggest that in the initial weeks of the lockdown, problems with 
relationships, addiction and suicidality were increasing. After about one month of lockdown, 
the prevalence of these problems no longer appears to have increased. The reverse time 
pattern is observed for problems with relationships and family. 
 
 

 
4. Conclusions 
 
 
Overall, we find that psychological and social strain as measured through calls to the helpline 
seems to have been remarkably limited during the Covid-19 crisis: total calls grew in line 
with the long-run trend.  
 
To the extent that calls did increase, this was mainly explained by worries linked directly to 
the pandemic: callers aged over 65 and calls about fear of infection. Small increases are 
observed also in calls about loneliness and struggle with everyday life, which can be 
attributed directly to people having to adjust to life under the lockdown. 
 
Widespread fears about a spike in domestic violence related to the partial lockdown, 
however, are not borne out by this analysis. On the contrary: calls motivated by acts of 
violence are both down on the corresponding period of the previous year and falling further 
as the lockdown is progressing. Also, calls about family and relationship issues decrease in 
the first weeks of the lockdown and return to 2019 levels by the time the end of the 
lockdown is announced. 
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Increases in the initial weeks of the lockdown are observed for calls addiction and suicidality. 
While the social and psychological strain of the lockdown might not manifest itself in 
outright violence, these observations suggest that such strain nevertheless existed.  
 
Our analysis mainly focuses on the period since the lockdown and compares it to the 
corresponding period of 2019. The observed effects on psychological and social strain 
appear second order to the economic and medical ramifications of the pandemic.  
 
It will be interesting to follow the situation as the lockdown restrictions are lifted further, to 
validate the findings based on helpline calls by those based on surveys and administrative 
records such as police reports, and, perhaps most importantly, to compare the Swiss 
helpline data with those for other countries with different policy responses to the pandemic. 
More broadly, helpline data could be used to monitor societal suffering also in “normal” 
times. 
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Figure 1: Total calls
150

C
ov

id
 E

co
no

m
ic

s 1
9,

 1
8 

M
ay

 2
02

0:
 1

43
-1

58



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

 

  
0

50
10

0
15

0
20

0

2019 2020

fear of infection

0
50

10
0

15
0

20
0

2019 2020

economic worries

0
50

10
0

15
0

20
0

2019 2020

physical health
0

50
10

0
15

0
20

0

2019 2020

struggle with everyday life

0
50

10
0

15
0

20
0

2019 2020

psychological suffering

0
50

10
0

15
0

20
0

2019 2020

problems with relationships, family

0
50

10
0

15
0

20
0

2019 2020

loneliness

0
50

10
0

15
0

20
0

2019 2020

violence

0
50

10
0

15
0

20
0

2019 2020

addiction, suicidality

 Data from Swiss helpline Die Dargebotene Hand (Tel. 143)

(daily averages for 28 February - 6 May, 95%-confidence intervals)
Figure 2: Calls by problem category

151
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
43

-1
58



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

 

 

40
0

45
0

50
0

55
0

60
0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

all calls

80
10

0
12

0
14

0
16

0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

calls by men

18
0

20
0

22
0

24
0

26
0

28
0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

calls by women

60
70

80
90

10
0

11
0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

calls by persons aged <40

12
0

14
0

16
0

18
0

20
0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

calls by persons aged 40-65

40
60

80
10

0
12

0

da
ily

 n
um

be
r o

f c
al

ls

-14 -7 0 7 14 21 28 35 42 49 56

days since 13 March

2020 (moving average)

2019 (moving average)

calls by persons aged >65

 Dashed (dotted) vertical lines: announcement of partial lockdown (first steps of lockdown release); data from Swiss helpline Die Dargebotene Hand (Tel. 143)

Figure 3: Total calls (with moving average)
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Figure 4: Calls by problem category (with moving average)
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Figure 5: Total calls (with polynomial smoothing)
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Figure 6: Calls by problem category (with polynomial smoothing)
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0.04 0.04 0.04 0.11 * 0.11 * 0.11 * 0.04 0.04 0.04 0.03 0.03 0.03 0.02 0.02 0.02 0.17 ** 0.17 ** 0.17 **
1.20 1.25 1.26 2.49 2.48 2.49 1.39 1.45 1.51 0.50 0.51 0.52 0.58 0.60 0.60 2.96 2.96 2.99

0.03 0.001 -0.02 0.06 0.07 0.03 0.03 -0.02 -0.04 -0.01 0.03 -0.004 0.05 -0.02 -0.01 0.06 0.02 -0.05
1.19 0.03 -0.64 1.68 1.72 0.62 1.11 -0.76 -1.20 -0.22 0.64 -0.07 1.84 -0.48 -0.15 1.27 0.36 -0.65

0.02 0.002 -0.02 0.08 0.04 0.03 0.09 * 0.09 * 0.05 0.05 -0.03 -0.09 0.05 0.10 * 0.06 0.11 0.15 0.15
0.67 0.05 -0.47 1.61 0.65 0.60 2.56 2.47 0.99 0.98 -0.51 -1.11 1.30 2.08 0.98 1.70 1.91 1.49

-0.003 -0.001 -0.001 0.03 0.03 0.03 -0.03 -0.02 -0.02 -0.04 -0.04 -0.04 -0.03 -0.03 -0.03 0.07 * 0.07 * 0.07 *
-0.21 -0.06 -0.12 1.44 1.42 1.33 -1.90 -1.76 -1.87 -1.54 -1.58 -1.67 -1.78 -1.63 -1.58 2.56 2.61 2.52

-0.02 -0.03 -0.05 * -0.05 -0.05 -0.07 * -0.004 -0.01 -0.04 * -0.02 -0.02 -0.05 -0.04 -0.06 * -0.07 * 0.03 0.02 -0.01
-0.94 -1.26 -2.14 -1.87 -1.74 -2.21 -0.21 -0.74 -2.01 -0.68 -0.45 -1.45 -1.69 -2.35 -2.48 0.78 0.57 -0.33

0.001 0.004 -0.001 0.004 0.002 ** 0.004 * -0.001 0.003 0.003 *** 0.002 0.001 0.01
1.64 1.50 -0.62 1.06 2.90 1.71 -1.39 0.62 3.47 0.51 1.13 1.81

0.001 0.003 0.001 0.001 -0.0005 0.01 0.003 * 0.01 -0.002 0.003 -0.001 -0.0005
0.83 1.11 1.05 0.20 -0.57 1.68 2.16 1.76 -1.67 0.72 -0.92 -0.07

-0.0001 -0.0001 -0.00004 -0.0001 0.00002 -0.0001
-1.09 -1.24 -0.94 -0.97 0.39 -1.55

-0.0001 0.00001 -0.0001 -0.0001 -0.0001 -0.00002
-0.95 0.06 -1.93 -1.27 -1.19 -0.20

6.10 *** 6.10 *** 6.10 *** 4.56 *** 4.56 *** 4.56 *** 5.41 *** 5.40 *** 5.40 *** 4.43 *** 4.43 *** 4.43 *** 5.01 *** 5.01 *** 5.01 *** 4.13 *** 4.13 *** 4.13 ***
269.18 278.16 282.76 145.09 144.61 144.95 260.72 271.38 282.50 122.73 124.01 126.68 188.49 196.47 196.22 99.69 99.40 100.63

adjusted R2 0.12 0.17 0.20 0.42 0.42 0.42 0.41 0.45 0.50 0.06 0.08 0.12 0.19 0.25 0.25 0.48 0.48 0.49

N 136 136 136 136 136 136 136 136 136 136 136 136 136 136 136 136 136 136

Constant

Notes: OLS regressions (t-statistics in italics below coefficient estimates). Data from Swiss hotline "Die Dargebotene Hand (143)": daily counts of calls between 29 February and 6 May in 2019 and 2020. Up to three problem categories possible per individual call. 13 March 2020 marks 
the announcement date of the Corona-lockdown in Switzerland (entry into force: 16 March).

Days since 13_March squared

2020 dummy  x                               
Days since 13_March squared

Days since 13_March

2020 dummy  x                               
Days since 13_March

Weekend dummy

Easter_week dummy

Post-13_March dummy

2020 dummy  x                        
Post-13_March dummy

2020 dummy

Total calls Calls by men Calls by women Calls by persons aged <40 Calls by persons aged 40-65 Calls by persons aged >65

Table 1: Total calls

Dependent variable:

156
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
43

-1
58



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

 

 

  

0.11 0.11 0.11 0.02 0.02 0.02 0.14 ** 0.14 ** 0.14 **
1.11 1.11 1.11 0.28 0.29 0.29 3.01 3.05 3.04

3.05 *** 3.11 *** 2.52 *** 0.07 0.12 -0.01 0.003 -0.03 0.03 0.01 -0.05 -0.06
17.04 13.98 9.99 0.94 1.18 -0.05 0.06 -0.52 0.39 0.16 -1.24 -1.05

-0.24 * -0.33 * -0.17 0.03 -0.02 -0.12 0.05 0.10 0.07
-2.14 -2.40 -0.99 0.53 -0.21 -1.23 0.95 1.59 0.92

-0.21 -0.21 -0.21 -0.26 *** -0.26 *** -0.27 *** 0.005 0.01 0.01 -0.04 -0.04 * -0.04
-1.40 -1.41 -1.55 -5.43 -5.42 -5.57 0.38 0.41 0.45 -1.95 -1.83 -1.82

0.13 0.14 -0.25 -0.15 * -0.14 * -0.15 * -0.11 ** -0.12 ** -0.12 ** -0.05 -0.06 * -0.07 *
0.61 0.62 -1.14 -2.16 -2.01 -2.01 -2.76 -2.97 -2.84 -1.62 -2.02 -2.17

-0.002 0.07 *** -0.002 0.01 0.001 -0.005 0.002 * 0.003
-0.50 3.62 -0.72 1.39 0.98 -1.03 2.33 0.69

0.004 -0.01 0.002 0.01 -0.002 0.001
1.16 -1.23 1.07 1.99 -1.37 0.24

-0.001 *** -0.0003 0.0001 -0.00001
-3.88 -1.63 1.33 -0.11

0.0003 -0.0002 -0.0001
1.57 -1.78 -0.62

1.40 *** 1.40 *** 1.40 *** 3.26 *** 3.26 *** 3.26 *** 3.76 *** 3.76 *** 3.76 *** 4.95 *** 4.95 *** 4.95 ***
9.46 8.42 9.31 45.23 45.11 45.33 90.72 92.53 92.93 150.06 152.08 151.38

adjusted R2 0.82 0.82 0.85 0.22 0.22 0.23 0.04 0.08 0.09 0.37 0.39 0.38

N 68 68 68 136 136 136 136 136 136 136 136 136

Constant

Notes: OLS regressions (t-statistics in italics below coefficient estimates). Data from Swiss hotline "Die Dargebotene Hand (143)": daily counts of calls between 29 February and 6 May in 2019 and 
2020. Up to three problem categories possible per individual call. 13 March 2020 marks the announcement date of the Corona-lockdown in Switzerland (entry into force: 16 March).

Days since 13_March squared

2020 dummy  x                               
Days since 13_March squared

Days since 13_March

2020 dummy  x                                 
Days since 13_March

Weekend dummy

Easter_week dummy

Post-13_March dummy

2020 dummy  x                          
Post-13_March dummy

2020 dummy

Problem: fear of infection Problem: economic worries Problem: physical health Problem: struggle with everyday life

Table 2a: Calls by problem category

Dependent variable:
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0.04 0.04 0.04 -0.02 -0.02 -0.02 0.20 * 0.20 * 0.20 * -0.28 * -0.28 * -0.28 0.05 0.05 0.05
0.97 1.02 1.05 -0.36 -0.41 -0.42 2.40 2.54 2.56 -2.00 -1.98 -1.97 0.50 0.52 0.54

0.07 * 0.05 -0.01 0.01 0.03 0.01 0.18 ** 0.02 -0.06 -0.02 -0.002 0.10 -0.11 -0.22 * -0.11
2.11 1.13 -0.29 0.30 0.58 0.20 2.64 0.30 -0.61 -0.21 -0.02 0.58 -1.29 -2.13 -0.88

0.07 0.002 -0.01 -0.05 -0.22 *** -0.32 *** -0.004 0.04 0.04 0.03 -0.03 -0.12 0.06 -0.05 -0.36 *
1.39 0.04 -0.11 -0.79 -3.45 -4.16 -0.04 0.34 0.27 0.17 -0.13 -0.48 0.48 -0.33 -2.04

-0.02 -0.02 -0.02 0.04 0.04 0.04 0.10 * 0.11 ** 0.11 ** 0.12 0.12 0.12 0.002 0.01 0.02
-1.14 -1.04 -1.20 1.45 1.77 1.85 2.48 2.86 2.77 1.70 1.68 1.75 0.04 0.23 0.38

-0.03 -0.04 * -0.07 * 0.06 0.06 0.03 0.08 0.05 0.004 0.05 0.06 0.08 0.08 0.06 0.01
-1.03 -1.30 -2.40 1.56 1.73 0.76 1.42 0.87 0.07 0.55 0.58 0.77 1.08 0.78 0.18

0.001 0.01 * -0.0003 -0.001 0.01 ** 0.02 * -0.001 -0.01 0.004 -0.01
1.14 2.27 -0.33 -0.21 3.34 2.22 -0.26 -1.01 1.77 -0.89

0.002 0.004 0.01 *** 0.02 *** -0.01 -0.001 0.002 0.01 0.004 0.04 **
1.87 0.80 4.55 3.38 -0.63 -0.11 0.45 0.70 1.23 3.22

-0.0001 * 0.00001 -0.0002 * 0.0002 0.00020
-2.01 0.17 -1.41 0.97 1.43

-0.00003 -0.0002 * -0.00001 -0.0002 -0.0010 **
-0.36 -2.28 -0.08 -0.59 -3.00

4.91 *** 4.91 *** 4.91 *** 4.73 *** 4.73 *** 4.73 *** 3.77 *** 3.77 *** 3.77 *** 2.53 *** 2.53 *** 2.53 *** 3.06 *** 3.06 *** 3.06 ***
155.48 163.55 168.14 126.63 142.99 146.56 61.32 64.78 65.26 23.38 23.17 23.59 38.67 40.61 41.76

adjusted R2 0.24 0.31 0.35 0.04 0.25 0.29 0.26 0.34 0.35 0.10 0.09 0.12 0.02 0.11 0.16

N 136 136 136 136 136 136 136 136 136 136 136 136 136 136 136

Constant

Notes: OLS regressions (t-statistics in italics below coefficient estimates). Data from Swiss hotline "Die Dargebotene Hand (143)": daily counts of calls between 29 February and 6 May in 2019 and 2020. Up to three problem categories possible 
per individual call. 13 March 2020 marks the announcement date of the Corona-lockdown in Switzerland (entry into force: 16 March).

Days since 13_March squared

2020 dummy  x                               
Days since 13_March squared

Days since 13_March

2020 dummy  x                                
Days since 13_March

Weekend dummy

Easter_week dummy

Post-13_March dummy

2020 dummy  x                          
Post-13_March dummy

Problem: loneliness Problem: violence Problem: addiction, suicidality

2020 dummy

Problem: psychological suffering Problem: relationships, family

Table 2b: Calls by problem category (continued)

Dependent variable:
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The economic effects of a pandemic crucially depend on the extent to which 
countries are connected in global production networks. In this paper we 
incorporate production barriers induced by COVID-19 shock into a Ricardian 
model with sectoral linkages, trade in intermediate goods and sectoral 
heterogeneity in production. We use the model to quantify the welfare effect 
of the disruption in production that started in China and quickly spread 
across the world. We find that the COVID-19 shock has a considerable impact 
on most economies in the world, especially when a share of the labor force is 
quarantined. Moreover, we show that global production linkages have a clear 
role in magnifying the effect of the production shock. Finally, we show that 
the economic effects of the COVID-19 shock are heterogeneous across sectors, 
regions and countries, depending on the geographic distribution of industries 
in each region and country and their degree of integration in the global 
production network.

1 We thank Lorenzo Caliendo, Lisandra Flach, Annalisa Loviglio, Luca David Opromolla, Gianmarco Ottaviano, 
Fernando Parro, Vincenzo Scrutinio, Tommaso Sonno for useful discussion. We thank Matilde Bombardini for 
sharing the Chinese Census data with us. All errors are ours.
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1 Introduction

Globalization allows firms to source intermediate inputs and sell final goods in many different
countries. The diffusion of a local shock through input-output linkages and global value
chains has been extensively studied (see for example Carvalho et al. (2016)) but little is
known on how a pandemic affects global production along with its diffusion.1

In this paper we study the role of global production linkages in the transmission of a pandemic
shock across countries. We exploit an unprecedented disruption in production in the recent
world history, namely the global spread of COVID-19 virus disease, to instruct a multi-
country, multi-sector Ricardian model with interactions across tradable and non-tradable
sectors observed in the input-output tables. We use the model to quantify the trade and
welfare effects of a disruption in production that started in China and then quickly spread
across the world. The spread of COVID-19 disease provides a unique set-up to understand
and study the diffusion of a global production shock along the global value chains for three
main reasons. First, it is possibly the biggest production disruption in the recent world
history. With around 2.424.419 cases, 166.256 deaths and millions of people in quarantine
around the world to date2, the spread of COVID-19 disease is the largest pandemic ever
experienced in the globalized world.3 Second, the COVID-19 shock is not an economic shock
in its nature, hence its origin and diffusion is independent from the fundamentals of the
economy. Third, differently from any other non-economic shock experienced before, it is
a global shock. Indeed, while the majority of natural disasters or epidemics have a local
dimension, the spread of the COVID-19 disease has been confined to the Chinese province
of Hubei only for a few weeks, to then spread across the entire world.

Understanding the effects of a global production disruption induced by a pandemic is com-
plex. We build on the work by Caliendo and Parro (2015) who develop a tractable and simple
model that allows to decompose and quantify the role that intermediate goods and sectoral
linkages have in amplifying or reducing the impact of a change in tariffs. We extend their
framework and introduce a role for policy intervention in deterring production. In our set-
up, the policy maker can use the instrument of quarantine as a policy response to deter the
COVID-19 virus diffusion; moreover, we account for the geographic distribution of industries

1Huang (2019) studies how diversification in global sourcing improves firm resilience to supply chain
disruptions during the SARS epidemics in China. We complement his analysis by studying the effect of an
epidemic shock that is not geographically confined to a specific region, but it spreads fast in the entire world

2as of 20th of April 2020
3See Maffioli (2020) for a comparison of COVID-19 with other pandemics in the recent history.
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in each region and country and for the labor intensity of each sector of production to have
a complete picture of the distribution of the shock across regions and sectors. The policy
intervention of quarantine translates into a lockdown, a production barrier that increases
the production costs for intermediates and final goods produced for the internal market as
well as for the exporting market. We construct a measure of quarantine using two different
pillars: first, we use a country level measure for the stringency of the policy intervention of
lockdown from Hale (2020). Second, we allow the quarantine to heterogeneously affect each
sector in each country using the share of work in a sector that can be performed at home
(henceforth teleworkability) from Dingel and Neiman (2020).4 Crucially, in a model with
interrelated sectors the cost of the input bundle depends on wages and on the price of all
the composite intermediate goods in the economy, both non-tradable and tradable. In our
framework, the policy intervention has a direct effect on the cost of each input as well as an
indirect effect via the sectoral linkages.5 Moreover, our modeling choice for the shock allows
the spread of COVID-19 disease to also have a direct effect on the cost of non-tradable goods
in each economy, hence on domestic trade.

We follow Dekle et al. (2008) and Caliendo and Parro (2015) and solve the model in relative
changes to identify the welfare effect of the COVID-19 shock. We perform three different
exercises: (i) we include the COVID-19 shock in the model and we estimate a snap-shot
scenario based on the actual number of COVID-19 cases in each country, (ii) we include
the quarantine shock in the model and estimate a quarantine scenario, imposing quarantine
to a fraction of the labour force in each country, (iii) we decompose the effect into a direct
effect from the production shock induced by the COVID-19 quarantine and an indirect effect
coming from the global shock affecting the other countries. We perform the three exercises

4It is crucial to note that the sectoral heterogeneity in labor intensity as well as teleworkability are time
invariant in our set-up, while the number of COVID-19 cases as well as the restrictiveness and duration of
the implemented policy measures are in continuous evolution, hence the point estimates of the counterfactual
scenarios might change as the spread of the COVID-19 disease affects more countries and more people. Even
if the size of the shock changes, the sensitivity and the comparisons across sectors and countries as well as
the decomposition of the effects will remain similar. The focus of this paper is to highlight the importance of
global production networks in the diffusion of a global shock and on how to use a simple theoretical framework
to provide insights on the heterogeneous effects of the COVID-19 shock across countries and across sector
under different scenarios, rather than providing the absolute numbers of the drop in real income due to the
COVID-19 shock. We will constantly update the results of the paper to account for the new cases as well
as for the number of countries in quarantine. The results presented in this version are supposed to provide
a first snap-shot of the economic effect of the COVID-19 shock. A more complete picture will be available
when the full information of COVID-19 cases, quarantined countries and share of people in quarantine is
available.

5This feature of the model is a key difference compared to one-sector models or multi-sector models
without interrelated sectors, as highlighted by Caliendo and Parro (2015).
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both in an open economy with the actual tariff and trade cost levels and in a closer economy,
where we increase the trade costs by 100 percentage points in each sector-country. The
quantitative exercise requires data on bilateral trade flows, production, tariffs, sectoral trade
elasticities, employment shares by sector and region and the number of COVID-19 cases in
each region or country. We calibrate a 40 countries 50 sectors economy and incorporate the
COVID-19 shock to evaluate the welfare effects for each country both in aggregate and at
the sectoral level.

We find that the COVID-19 shock has a considerable impact on most economies in the world,
especially when a share of the labor force is quarantined. In our quarantine scenario, most of
the countries experience a drop in real income up to 14%, with the most pronounced drops
for India and Turkey. We further decompose the economic impact of the COVID-19 shock
by sectors and find that the income drop is widespread across all sectors. Indeed, contrary
to drops in tariffs that affect only a subset of sectors, the COVID-19 shock is a production
barrier that affects both home and export production in all sectors of the economy. The
observed heterogeneity in the sectoral decrease in value added is partially driven by the
geography of production in each country combined with the geographic diffusion of the
shock, by the inter-sectoral linkages across countries, but also by the heterogeneity in the
degree of teleworkability across sectors and countries.

The role of the global production linkages in magnifying the effect of the production shock
is clear when we decompose the total income change into a direct component due to a
domestic production shock and an indirect component due to global linkages. We show that
linkages between countries account for a substantial share of the total income drop observed.
Moreover, we estimate a simple econometric model to better understand the determinants of
the observed heterogeneity in the income drop accounted for by the direct and the indirect
effect. We find that the degree of trade openness of a country is a key element in explaining
the observed heterogeneity.

Finally, to deeper understand the importance of global production networks in the diffusion
of the shock, we investigate what would have been the impact of the COVID-19 shock in
a less integrated world. To answer this question, we quantify the real income effect of the
COVID-19 shock in a less integrated world scenario, where we increase the current trade
barriers in each country and sector by 100 percentage points. First and unsurprisingly, a less
integrated world itself implies enormous income losses for the great majority of countries in
our sample. Focusing on the economic impact of the COVID-19 shock in a less integrated
world compared to a world as of today, we find some interesting results. Indeed, when raising
trade costs in all countries, the indirect component is lower than in an open economy, but
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it still accounts for a relevant share of the drop in the income due to the COVID-19 shock.
In our counterfactual exercise, the increase in trade cost mimics a world with higher trade
barriers, but not a complete autarky scenario; countries would still trade, use intermediates
from abroad and sell final goods in foreign countries. This finding highlights the importance
of inter-sectoral linkages in the transmission of the shock: a higher degree of integration in
the global production network implies that a shock in one country directly diffuses though
the trade linkages to other countries. Trade has two different effects in our model: on
the one hand, it smooths the effect of the shock by allowing consumers to purchase and
consume goods they wouldn’t otherwise be able to consume in a world with production
barriers in quarantine. On the other hand, the COVID-19 shock increases production costs
of intermediate inputs that are used at home and abroad. Our counterfactual exercise
clearly shows that an increase in trade costs would not significantly decrease the impact of
the COVID-19 shock across countries. However, increasing trade barriers would imply an
additional drop in real income between 14% and 33% across countries.

Our paper is closely related to a growing literature that study the importance of trade in
intermediate inputs and global value chains. For example Altomonte and Vicard (2012),
Antràs and Chor (2013), Antràs and Chor (2018), Antràs and de Gortari (Forthcoming),
Alfaro et al. (2019), Antràs (Forthcoming), Bénassy-Quéré and Khoudour-Casteras (2009),
Gortari (2019), Eaton and Romalis (2016), Hummels and Yi (2001), Goldberg and Topalova
(2010), Gopinath and Neiman (2013), Halpern and Szeidl (2015)). Our paper is especially
close to a branch of this literature that extends the Ricardian trade model of Eaton and
Kortum (2002a) to multiple sectors, allowing for linkages between tradable sectors and be-
tween tradable and non-tradable.6 Indeed, our paper is based on the work of Caliendo and
Parro (2015) and adds an additional channel through which a policy intervention could affect
welfare at home and in other countries, namely a production barrier induced by the spread
of the virus. We use an unprecedented shock affecting simultaneously most of the countries
across the world to understand the response of the economy under different production bar-
rier scenarios in free trade and a less integrated world. Moreover, we use the rich structure
of the model to show the distribution of the effects of the shock across regions and sectors.

Finally, our paper contributes to the literature evaluating the impact of natural disasters
or epidemics on economic activities (see for example the papers by Barrot and Sauvagnat
(2016), Boehm et al. (2019), Carvalho et al. (2016), Young (2005) and Huang (2019)). Similar
to Boehm et al. (2019), Barrot and Sauvagnat (2016) and Carvalho et al. (2016) and Huang

6See for example Dekle et al. (2008), Arkolakis et al. (2012)
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(2019) we also study how a natural disaster or an epidemic affects the economy through the
input channels. We add to their work by using a shock that is unprecedented both in its
nature and in its effect. Indeed, while a natural disaster is a geographically localized shock
that can destroy production plants and affects the rest of the economy and other countries
only through input linkages, in our set-up the shock induced by COVID-19 is modelled as a
policy intervention that constraints production simultaneously in almost all countries in the
world. Indeed, in our paper each country is hit by a local shock induced by the spread of
the virus at home, and by a foreign shock through the input linkages induced by the spread
of corona abroad.7

The paper is structured as follows. In section 2 we describe the COVID-19 shock and
motivate the rationale of our modeling choice. In section 3 we present the model we use for
the quantitative exercise. In section 4 we describe the data used for the quantitative exercise
and we present the results. In section 5 we conclude.

2 COVID-19 - A production barrier shock

The new coronavirus (the 2019 novel coronavirus disease COVID-19) was first identified in
Wuhan city, Hubei Province, China, on December 8, 2019 and then reported to the public on
December 31, 2019 (Maffioli (2020)). As of April 20, 2020, the virus has affected 2.424.419
people in the world, causing 166.256 deaths and forcing millions of people in quarantine
for several weeks around the world. The exponential contagion rate of the COVID-19 virus
has led many governments to implement a drastic shut-down policy, forcing large shares of
the population into quarantine. Because of forced quarantine, there is wide consensus that
the economic costs of the pandemic will be considerable, as factories, businesses, schools
and country boarders have been closed and are going to be closed for several weeks. More-
over, the spread of the COVID-19 disease has followed unpredictable paths, with a marked
heterogeneity in the contagion rates across countries and across regions within the same
country.

We propose a simple measure that quantifies the intensity of the economic shock, leveraging
on the diffusion of COVID-19 across space, the geographical distribution of sectors in each
country and the sectoral labor intensity. The virus shock vji can be expressed as

7A growing literature in economics extends the SIER model to study the economic consequences of the
diffusion of the pandemic under different policy scenarios (see for example Atkeson (2020), Berger (2020),
Eichenbaum et al. (2020))

164
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

vji =
R
∑
r=1(

casesir
∑J

j=1 lijr
∗

lijr
∑R

r=1 lijr)
∗ e

j
i (1)

where lijr is the total employment of sector j in region r of country i, casesir is the number
of official cases of COVID-19 in region r of country i,  ji is the share of value added of sector
j in country i, ∑J

j=1 lijr is the sum of employed individuals across all sectors in a region r of
country i, while ∑R

r=1 lijr is the sum of employed individuals in a sector j across all regions
r of country i. The first term of the formula is a measure of the impact of the COVID-19
on the regional employment. The second term is a measure of the geographic distribution
of production in the country, measuring how much each sector is concentrated in a region
compared to the rest of the country. The last term is meant to capture the labor intensity
of each sector in a country.

In our counterfactual exercise we substitute the share of COVID-19 cases over total employ-
ment in a region casesir

∑J
j=1 lijr

, with a constructed share of people under quarantine  j
i as follows:8

vji =
R
∑
r=1(

 j
i ∗

lijr
∑R

r=1 lijr)
∗ e

j
i (2)

and

 j
i = I ndexClosurei ∗ (1 − TWj) ∗ Duration (3)

where I ndexClosurei is an index of restrictiveness of government responses ranging from
0 to 100 (see Hale (2020) for a detailed description of the index), where 100 indicates full
restrictions. The index is meant to capture the extent of work, school, transportation and
public event restrictions in each country. The second term of equation 3, (1−TWj) contains a
key parameter, namely the degree of teleworkability of each occupation. Following Dingel and
Neiman (2020) we use the information contained in the Occupational Information Network
(O*NET) surveys to construct a measure of feasibility of working from home for each sector.
Finally, we account for the average duration of strict quarantine, which to date is a month
in the data.9

8Additional details on the choice of the share of people under quarantine and the data used for the
quantitative exercise are provided in section 4.

9We refer to strict quarantine as the policy restriction that imposes strict and generalized workplace
closures. See Hale (2020) for a detailed time-series of government policy responses to the diffusion of the
COVID-19 virus.
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Our measure  j
i returns an index of quarantined labor force for each country and sector in

our dataset. In fact, it takes into account the extent of the policy restrictions in each country
as well as the possibility to work remotely in presence of restrictions for each sector of the
economy. Ideally, one would need data on the degree and the duration of the restrictions
for each country, region and sector to construct a perfect measure of the quarantine in
the counterfactual scenario. However, precise data on the restrictions and duration are
only going to be available ex-post; we approximate the quarantine in each country and
sector with our measure  j

i that exploits all the information available to date. Finally, it
is important to highlight that the modelling of the production barrier shock presented in
equation 2 substantially differs from the modelling of a natural disaster. A natural disaster
is a geographically localized shock that can lead to the destruction of production plants,
to the loss of human lives and to a lock-down of many economic activities in a country or
region. These types of shocks affect the rest of the economy and foreign countries through
input linkages (see Carvalho et al. (2016)). In our set-up, the shock induced by COVID-19
virus is modeled as a shock to the production cost of both domestic goods and goods for
foreign markets. Moreover, the global nature of the shock implies that most countries are
simultaneously affected by the shock both directly – through an increase in the production
cost of the goods for domestic consumption – and indirectly – through an increase in the
cost of intermediates from abroad and through a decrease in demand of goods produced for
the foreign markets. Our set-up crucially allows us to quantify both channels and highlights
the importance of the direct effect of the shock on domestic production vis a vis the indirect
effect coming from the global production linkages.

To conclude, an economic assessment of the COVID-19 shock should take into account the
global spread of the disease, the degree of integration among countries through trade in
intermediate goods and the heterogeneity in countries’ production structure. In the next
section we describe the framework used for the analysis and the mechanisms at work.

3 Theoretical Framework

The quantitative model presented in this section follows the theoretical framework of Caliendo
and Parro (2015) and we refer to their paper for a more detailed description of the framework
and the model solution. We modify the model allowing for the role of a policy intervention
that leads to a production barrier of the form described in section 2. There are N countries,
indexed by i and n, and J sectors, indexed by j and k. Sectors are either tradable or non-
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tradable and labor is the only factor of production. Labor is mobile across sectors and not
mobile across countries and all markets are perfectly competitive.

Households. In each country the representative households maximize utility over final
goods consumption Cn, which gives rise to the Cobb-Douglas utility function u(Cn) of sectoral
final goods with expenditure shares � jn ∈ (0, 1) and ∑j � jn = 1.

u(Cn) =
J
∏
j=1
C j
n
� jn (4)

Income In is generated through wages wn and lump-sum transfers (i.e. tariffs).

Intermediate Goods. A continuum of intermediates can be used for production of each
!j and producers differ in the efficiency zjn(!j) to produce output. The production technology
of a good !j is

qjn (!j) = zjn (!j) [l jn (!j)]
 jn J
∏
k=1

[mk,j
n (!j)]

 kn ,j ,

with labor l jn (!j) and composite intermediate goods mk,j
n (!j) from sector k used in the

production of the intermediate good !j .  k,jn ≥ 0 are the share of materials form sector k used
in the production of the intermediate good !j . The intermediate goods shares∑J

k=1  k,jn = 1− jn
and  jn ≥ 0, which is the share of value added vary across sectors and countries.

Due to constant returns to scale and perfect competition, firms price at unit costs,

c jn = Υ
j
jw jn

n

J
∏
k=1

Pk
k,j
n

n , (5)

with the constant Υj , and the price of a composite intermediate good from sector k, Pk
k,j
n

n .

Production Barriers and Trade Costs. Trade can be costly due to tariffs �̃ jin and
non-tariff barriers d jni (i.e. FTA, bureaucratic hurdles, requirements for standards, or other
discriminatory measures). Combined, they can be represented as trade costs �jni when selling
a product of sector j from country i to n

�jin = (1 + t
j
in)⏟⏞⏞⏟⏞⏞⏟

�̃ jin

D�j
ine�

jZin
⏟⏞⏞⏟⏞⏞⏟

d jni

(6)
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where t jin ≥ 0 denotes ad-valorem tariffs, Din is bilateral distance, and Zin is a vector collecting
trade cost shifters.10

Additionally, intermediate and final goods are now subject to barriers arising from domestic
policy interventions, vji that can potentially deter production. As described in section 2,
COVID-19 is modeled as a barrier to production in the affected areas. The key difference
when compared to trade costs is that the latter one only directly affects tradable goods,
while production barriers can also directly affect non-tradable goods.

Under perfect competition and constant returns to scale, an intermediate or final product
(trade and non-tradable) is provided at unit prices, which are subject to vji , �

j
ni and depend

on the efficiency parameter zji (!j).

Producers of sectoral composites in country n search for the supplier with the lowest cost
such that

pjn (!j) = mini

{
c ji�

j
niv

j
i

zji (!j)

}
. (7)

Note that vi is independent of the destination country and thus will also have effects on
non-tradeable and domestic sales. In the non-tradable sector, with k jin = ∞, the price of an
intermediate good is pjn (!j) = c jnvjn/z

j
i (!j).

Composite intermediate product price. The price for a composite intermediate good
is given by

P jn = Aj
(

N
∑
i=1
�ji (c

j
i�

j
inv

j
i)

−1
�j

)

−� j

(8)

where Aj = Γ [1 + � j(1 − �j)]
1

1−�j is a constant. Following Eaton and Kortum (2002b), Ri-
cardian motives to trade are introduced in the model and allow productivity to differ by
country and sector.11 Productivity of intermediate goods producers follows a Fréchet dis-
tribution with a location parameter �jn ≥ 0 that varies by country and sector (a measure of
absolute advantage) and shape parameter � j that varies by sector and captures comparative
advantage.12. Equation 8 also provides the price index of non-tradable goods and goods
confronted with production barriers, which can affect tradable and non-tradable goods. For
non-tradable goods the price index is given by P jn = Aj�j−1/� jn c jnvjn.

10Iceberg type trade cost in the formulation of Samuelson (1954) are captured by the term Zin
11see Caliendo and Parro (2015) for more details.
12Convergence requires 1 + � j > �j .

168
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

Firm’s output price. Due to the interrelation of the sectors across countries, the existence
of production barriers vji has also an indirect effect on the other sectors across countries. A
firm in country i can supply its output at price,13

pjin(!j) = vji�
j
in

c ji
zji (!j)

(9)

Consumption prices. Under Cobb-Douglas preferences, the consumers can purchase
goods at the consumption prices Pn, which are also dependent on production barriers vji .
In fact, with perfect competition and constant-returns to scale, an increase in the costs of
production of final goods will directly translate into an increase in consumption prices.

Pn =
J
∏
j=1

(P jn/ajn)
ajn (10)

Expenditure Shares. The total expenditure on goods of sector j from country n is given
by X j

n = P jnQ j
n. Country n’s share of expenditure on goods from i is given by � jni = X j

ni/X j
n,

which gives rise to the structural gravity equation.

� jin =
�ji [c

j
i�

j
inv

j
i]

−1
�j

∑N
i=1 �

j
i [c

j
i�

j
inv

j
i]

−1
�j

(11)

The bilateral trade shares are affected by the production barriers vji both directly and indi-
rectly through the input bundle c ji from equation 3, which contains all information from the
IO-tables.

Total expenditure and Trade Balance. The value of gross production Y j
i of varieties

in sector j has to equal the demand for sectoral varieties from all countries i = 1,… , N and
hence the total expenditure is the sum of expenditure on composite intermediates and the
expenditure of the households.

13cji is the minimum cost of an input bundle (see equation 6), where Υji is a constant, wi is the wage rate in
country i, pki is the price of a composite intermediate good from sector k, which can be affected by production
barriers.  ji ≥ 0 is the value added share in sector j in country i, the same parameter we use in equations 2
and 1 when defining the shock vji . k,ji denotes the cost share of source sector k in sector j’s intermediate
costs, with ∑J

k=1 
k,j
i = 1.
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The goods market clearing condition is given by

X j
n =

J
∑
k=1

 j,kn
N
∑
i=1
X k
i

�kin
(1 + � kin)

+ � ji Ii (12)

where national income consists of labor income, tariff rebates Ri and the (exogenous) trade
surplus Si, i.e. Ii = wiLi + Ri − Si. X j

i is country i’s expenditure on sector j goods and
M j

n =
� jni

(1+� jni)
X j
i are country n’s imports of sector j good from country i. Thus, the first part

on the right-hand side gives demand of sectors k in all countries i for intermediate usage
of sector j varieties produced in country n, the second term denotes final demand. Tariff
rebates are Ri = ∑J

j=1 X
j
i (1 −∑N

n=1
� jni

(1+� jni )).

The second equilibrium condition requires that, for each country n the value of total imports,
domestic demand and the trade surplus has to equal the value of total exports including
domestic sales, which is equivalent to total output Yn:

J
∑
j=1

N
∑
i=1

� jni
(1 + � jni)

X j
n + Sn =

J
∑
j=1

N
∑
i=1

� jin
(1 + � jin)

X j
i =

J
∑
j=1
Y j
n ≡ Yn (13)

Substituting equation 12 into 13 further implies that the labor market is clear.

Equilibrium in relative changes. We solve for changes in prices and wages after chang-
ing the production barriers v to v′. This gives us an equilibrium in relative changes and
follows Dekle et al. (2008).

We solve for counterfactual changes in all variables of interest using the following system of
equations:

ĉ jn = ŵ jn
n

J
∏
k=1

Pk
k,j
n

n (14)

p̂jn = (
N
∑
i=1
� jin[�̂

j
inv̂

j
i ĉ
j
i ]−1/�

j

)

−� j

(15)

�̂ jin = (
ĉ ji
p̂jn
�̂jinv̂

j
i)

−1/� j

(16)

X j′
n =

J
∑
k=1

 j,kn
N
∑
i=1
X k
i

�k′in
(1 + � k′in )

+ � ji I ′i (17)

1
B

J
∑
j=1
F j′n X j′

n + sn =
1
B

J
∑
j=1

N
∑
i=1

� j
′

ni

1 + t j′ni
X j′
i (18)
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where ŵn are wage changes, X j
n are sectoral expenditure levels, F jn ≡ ∑N

i=1
� inj

(1+t jin)
, I ′n = ŵnwnLn +

∑J
j=1 X j′

n (1 − F j
′

n ) − Sn, Ln denotes country n’s labor force, and Sn is the (exogenously given)
trade surplus. We fix sn ≡ Sn/B, where B ≡ ∑n wnLn is global labor income, to make sure that
the system is homogenous of degree zero in prices. The shift in unit costs due to changes in
input prices (i.e., wage and intermediate price changes) is laid out in equation (14).

Changes in production barriers v̂ji directly affect the sectoral price index pjn, and thus translate
into changes of the unit costs (see equation 15). The trade shares in equation 16 respond to
change in the production costs, unit costs, and prices. The productivity dispersion parameter
� j governs the intensity of the reaction. Equation 17 ensures goods market clearing in the
new equilibrium and the balanced trade condition is given by equation 18.

Solving the model in relative changes allows abstracting from the estimation of some struc-
tural parameters of the model, such as total factor productivity or trade costs.14 In the
next sections we describe the data and the set of parameters we use to calibrate the baseline
economy as well as the data used to construct the production shock vji . Moreover, we provide
a description of the counterfactuals exercises we perform together with results.

4 Quantifying the effects of COVID-19

In this section we evaluate the welfare effects from the increase in the production barrier
caused by the spread of COVID-19. We use data from different sources to calibrate the model
to our base year. To provide a realistic picture of the effect of COVID-19, we maximize the
number of countries covered in our sample conditional on having reliable information on
tariffs, production and trade flows. Our quantification exercise requires a large number of
data, which we gather combining different sources.15

First, we use the World Input-Output Database (WIOD). It contains information on sec-
toral production, value added, bilateral trade in final and intermediate goods by sector for
43 countries and a constructed rest of the world (ROW). WIOD allows us to extract bilat-

14We refer the reader to Caliendo and Parro (2015) for a complete explanation of the hat algebra. Intu-
itively, the solution method mimics the difference in difference set-up, hence allows to abstract from data on
parameters that do not change in response to the shock.

15A more detailed description of the different data sources can be found in Appendix A.
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eral input-output tables and expenditure levels for 56 sectors, which we aggregate into 50
industries. This aggregation concerns mostly services; we keep the sectoral detail in the man-
ufacturing and agricultural industries. Data on bilateral preferential and MFN tariffs stem
from the World Integrated Trade Solutions (WITS-TRAINS) and the WTO’s Integrated
Database (IDB).

Second, a crucial element for the quantification exercise is to measure the intensity of the
COVID-19 shock across countries as detailed in equations 1 and 2. For this end, we use
information on the number of corona cases (casesir) in each country and region from multiple
sources. We use the database from the Johns Hopkins Coronavirus Resource Center16 and
we combine it with information from national statistical offices for Italy, Germany, Spain and
Portugal. This procedure returns the number of official COVID-19 cases as of April 16th in
each of the 43 countries of our dataset, with regional disaggregation for the US, Italy, China,
Germany, Spain and Portugal.17

Third, our measure of the shock as detailed in equations 1 and 2 requires information on
employment by country-region and sector. This data is crucial to account for the geograph-
ical distribution of sectors across each country as well as for the COVID-19 shares over
employment in a country-region. We combine different sources: for the EU, we use the
information contained in Eurostat, while for the US we use IPUMScps to construct employ-
ment by state(region) and sector of activity.18 The construction of employment by sector
and province in China required two different data sources: first, we use the information from
the National Bureau of Statistic of China for the year 2018 on employment by region and
sector19. However, the information for manufacturing and services provided by the National
Bureau of Statistic of China is not disaggregated into sub-sectors. We complement this in-
formation with the employment shares by region and sector from the 2000 census to retrive
the employment level of manufacturing and services20. This procedure returns employment
shares by region and sector for 50 sectors and each province in China in 2018.21.

16For further details, visit the following website: https://coronavirus.jhu.edu/
17We collect regional information on COVID-19 official cases for all the countries that provide it at the

date of writing the paper.
18More information on the construction of the employment matrices is detailed in the appendix.
19See http://www.stats.gov.cn/english/ for a general overview of the data collected by the NBSC,

and http://data.stats.gov.cn/english/ for employment data at regional level.
20We thank Matilde Bombardini for kindly providing us the employment shares by region and industry

from the 2000 Chinese Census used in the paper Bombardini and Li (2016). More details on the construction
of the region-sector employment shares for China is provided in the appendix.

21Data on employment at sector-region level are not available for some countries in our sample, and we
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Fourth, constructing the quarantine index  j
i requires information on the degree of restric-

tion for each country (I ndexClosurei), on the degree of teleworkability of each occupa-
tion and on the duration of the strict quarantine. We use the index on government re-
sponses to the COVID-19 diffusion of the University of Oxford (https://www.bsg.ox.ac.
uk/research/research-projects/coronavirus-government-response-tracker), where
I ndexClosurei is an index of restrictiveness of government responses ranging from 0 to 100
(see Hale (2020) for a detailed description of the index), where 100 indicates full restrictions.
The index is meant to capture the extent of work, school, transportation and public event
restrictions in each country. Moreover, we follow Dingel and Neiman (2020) and construct
a measure of the degree of teleworkability of each occupation. We use the information con-
tained in the Occupational Information Network (O*NET) surveys to construct a measure of
feasibility of working from home for each sector.22 Finally, using the information contained
in the dataset on government responses to the COVID-19 from the University of Oxford, we
account for the average duration of strict quarantine, which we estimate to be of one month.
We refer to strict quarantine as the policy restriction that imposes strict and generalized
workplace closures.23

We use this extensive set of data to construct our measure for the COVID-19 shock and to
instruct the model to perform counterfactual analysis. As described in section 3, we follow
Dekle et al. (2008) and Caliendo and Parro (2015) and solve the model in relative changes
to identify the welfare effect of the COVID-19 shock. We perform three different exercises:
(i) we include the COVID-19 shock in the model as in equation 1 and we estimate a snap-
shot scenario based on the actual number of COVID-19 cases in each country (Shock-1 in
the tables and figures), (ii) we include the quarantine shock in the model as in equation 2
and estimate a quarantine scenario, imposing quarantine to a fraction of the labour force in
each countries (Shock-2 in the tables and figures), (iii) we decompose the effect into a direct
effect from the production shock induced by the COVID-19 quarantine and an indirect effect

construct a simpler version of equation 1, vji =
ci

∑J
j=1 lij

∗ e
j
i . In this case, the formula does not capture the

geographical distribution of sectors in the country, but accounts for the sectoral distribution of employment
and for their labor intensity. This is the case for Australia, Brazil, Canada, India, Indonesia, Japan, Korea,
Mexico, Russia, Taiwan, RoW.

22Some sensitive sectors of the economy are excluded by each government from the restrictive measures.
We account for sensitive sectors by increasing the share of employment that can be teleworkable to 0.8
in each of the sensitive sectors. The list of sensitive sectors includes (ISIC rev 3 sectoral classification):
Agriculture (sector 1), Fishing (sector 3), Electricity and gas (sector 23), Water supply (sector 24), Sewage
and Waste (sector 25), Postal and courier (sector 34), Human health and social work (sector 49).

23See Hale (2020) for a detailed time-series of government policy responses to the diffusion of the COVID-19
virus.
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coming from the global shock affecting the other countries. We perform the three exercises
both in an open economy with the actual tariff and trade cost levels and in a closer economy,
where we increase the trade costs by 100 percentage points in each sector-country.

4.1 Open economy

In this section, we present the results of the change in welfare, sectoral value added and
trade for each country in our sample for both, the snap-shot and the quarantine scenario.
The formula for the welfare change is

Ŵn =
În

∏J
j=1 (p̂

j
n)
� jn

where Ŵn is the change in welfare of country n, În is the change in nominal income of
country n and ∏J

j=1 (p̂jn)
� jn is the change in the price index for country n in each sector j.

The aggregated welfare results of the snap-shot and the quarantine scenario by country are
presented in table 1. In column 2 and 5 we present the real income drops from the snap-shot
scenario (shock 1), assuming no quarantine for any country in the world.24 In this case, we
find real income drops up to almost 2.9% for Spain, with heterogeneous effects depending
mainly on the actual COVID-19 cases in each country of our sample. In figure 1 we present
graphical evidence on the relation between corona cases and the change in real income across
countries in log changes.25

In the quarantine scenario (shock 2) in the open economy in table 1 (columns 3 and 6),
we include quarantine as presented in equation 2. Countries have heterogeneous treatments
depending on the restrictiveness of the policy measures, on the share of workforce employed
in each sector of the economy and on the degree of teleworkability of each sector. Results
in table 1 show that most countries with quarantined labor force experience a drop in real
income above 10%, with the only exception of Sweden. Indeed, Sweden did not implement
any coercive and generalized restriction to the workforce, unless infected with the COVID-19
virus disease. In tables 2, we further investigate the sectoral distribution of the economic
impact of the COVID-19 shock. We find that the drop in the value added (in billion US

24It is important to highlight that this scenario would however imply a tremendous cost in terms of human
lives that our model does not account for.

25The size of shock 1 across all countries is shown in Appendix A in figure A4 and zooms into the EU
member states in figure A6a.
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dollars) is widespread across all sectors, but it is especially pronounced for services, interme-
diate resource manufacturing and wholesale and retail trade across all countries and both in
the snap-shot scenario (Shock-1 ) as well as in the quarantine scenario (Shock-2 ). In abso-
lute terms, the strongest drops in value added are experienced in the services sectors, which
include services, such as accommodation and food, real estate, and also public services.26 In
relative terms, the drops in sectoral value added are the highest in the sectors of textiles and
electrical equipment for Italy, pharmaceuticals and motor vehicles for Germany, manufac-
turing and machinery equipment for the US and textiles and electrical equipment for China
(see table A2 in the Appendix).

The impact of the COVID-19 shock on countries’ trade is presented in tables 3 and 4 . For
the case of Italy, we observe a severe decline in exports in billion US Dollars in intermediate
resource manufacturing, machinery equipment and textiles. Germany faces a decrease in
exports especially marked in the motor vehicle industry, as well as in the intermediate
resource manufacturing sector and machinery and equipment. The US has a severe drop
in exports in the service sector, followed by the intermediate resource manufacturing and
wholesale trade while China experiences the biggest drop in exports in the sectors of electrical
equipment, intermediate resource manufacturing and textiles.

All results in tables 2, 3 and 4 present a clear picture of the structure of comparative ad-
vantages of each economy, highlighting the importance of accounting for sectoral production
linkages and inter-sectoral trade when studying the economic impact of a global shock. More-
over, these results suggest that the production structure of each economy, as well as their
centrality in the global value chains might have heterogeneous roles in explaining the size of
the observed income drops across the countries.

Decomposition of the Effects

What is the share of the real income drop due to COVID-19 shock that comes from the
disruption of production in each country? What is the share that comes from a decrease in
trade through global production networks? To decompose the real income changes observed
in table 1 we use the structural model and perform a counterfactual exercise in which we
shock each country individually. This allows us to isolate the direct production effect of the
COVID-19 shock on each country from the indirect effect that each other country experience

26Table 2 provides the results for selected countries and regions and aggregated sectors. See table A3 for
the aggregation of the 50 WIOD-sectors. All results for the sectoral value added changes for each of the
sectors in all countries can be retrieved from the authors.
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through the global production network. We perform the following decomposition:

∀i ≠ j ∶ Ŵi = (
Ŵ D

i (vi)

⏟⏞⏞⏞⏟⏞⏞⏞⏟
Direct

+
J
∑
j=1
Ŵ I

i (vj))
⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟

Indirect

×
(
1 − Ŵi(vALL))

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
Global

(19)

where Ŵ D
i (vi) is the direct (D) change in real income of country i when only country i is hit

by the COVID-19 shock (vi), ∑J
j=1 Ŵ I

i (vj) is the sum of the indirect (I ) real income changes
in country i when any other country j is treated with the COVID-19 shocks (vj), Ŵi(vALL) is
the total change in real income of country i when all countries are affected by the COVID-19
shock (vALL), and Ŵi is the sum of the three different components from the decomposition.
We perform the decomposition with both Shock-1 and Shock-2.

Suppose, for example, that Germany is the only country hit by the COVID-19 virus disease;
in this case, the real income of Germany would drop because of the disruption in production
that the COVID-19 shock provokes to the German economy, what we call the direct effect
in our decomposition. Suppose now that Italy is the only country affected by the COVID-19
shock. In this case, we would observe a drop in real income for Germany as well, which is
driven by the decrease in trade between Germany and Italy, as well as by the increase in the
cost of intermediates that Germany buys from Italy. This is what we call the indirect effect.
Summing over the indirect effects for Germany will provide us the total indirect effect,
namely the drop in real income that Germany faces when each other country is shocked
individually.

The third term of our decomposition is the difference between the sum of the direct and the
indirect effects for Germany from the decomposition and the drop in real income observed
for Germany in the counterfactual exercise in which we shock all the countries at same time.
We call this component the global adjustment. Indeed, when we shock all the countries
with quarantine at the same time, the observed income drop differs from the sum of the
direct and the indirect effect from the decomposition. This points to the importance of
using a GE framework with input-output linkages and trade when studying the effect of
a global shock to local economies. In fact, when shocked all together, each country keeps
the relative importance in the world trade networks, hence the structure of comparative
advantages remains the same and the total effect of the shock is smaller for each of them.
On the contrary, when only one country is hit by the COVID-19 shock, that country faces an
increase in the production costs of the goods produced for the domestic and for the foreign
markets and loses its role in the global production networks, thus experiencing an additional
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drop in income.

Figures 2 and 3 present a graphical representation of each part of the decomposition for the
snap-shot scenario (Shock-1 ) as well as for the quarantine scenario (Shock-2 ). Figure 2 and
table 5 present the results for the snap-shot scenario (Shock-1 ): we observe a marked het-
erogeneity both in the total size of the income drop, but also in the share of each component
of the decomposition. Without quarantine, the total income drop would be between 3%
(Spain) and 0.1% (India). Moreover, the share of the total shock that is accounted for by
the indirect effect varies substantially across countries, accounting for the biggest shares in
countries that have a smaller number of COVID-19 cases, thus experiencing a smaller direct
effect due to disruption in production.

Figure 3 and table 6 show the results of the decomposition for the quarantine scenario (Shock-
2 ). In this case, each country is hit by a shock that accounts for the restrictiveness of the
policy implemented as explained in section 2. It is straightforward to notice the heterogeneity
in the relative importance of the direct as well as the indirect components of the shock across
countries. Moreover, the share of the total drop in real income accounted for by the indirect
effect is systematically higher for European countries than for the other countries in our
sample, with the exceptions of Korea and Taiwan. To better understand the heterogeneities
observed in figure 3 and table 6, we construct a simple measure of trade openness as the sum
of imports and exports over total income of the country (Xi+Mi

Ii
). Using the data from the

baseline economy and the results of counterfactual economy, we investigate if our measure
of openness is correlated with a higher indirect effect. We estimate the following model:

J
∑
j=1
Ŵ I

i (vj) = �0 + �1
Xi +Mi

Ii
+ �2Ŵi + �3HHI_M + �4HHI_output + Ii + �i (20)

where HHI_M = ∑N
n=1 (

Mni
∑N
n=1Mni)

2
∀i ≠ n is an Herfindahl index of diversification in trade

partners. The fraction shows the imports of country i, Mni from origin country n, over the
sum of all Imports of country i; the higher the number of trading partners and the more
diversified its importing sources are, the lower is the HHI of diversification. HHI_output =

∑J
j=1 (

output ji
∑J
j=1 output

j
i )

2
∀i ≠ n is an index of specialization in production. The fraction within the

brackets presents the output in sector j, in country i, over the total output of country i. The
higher the HHI of specialization, the lower is the degree of specialization in the country.27

27Similarly, we construct an index of diversification of exports. Results using the index of diversification
of exports are similar to the ones using the diversification in imports.
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Table 7 presents the results of this exercise for quarantine scenario (Shock-2). Indeed,
countries with a higher degree of trade openness experience a bigger indirect effect (columns
1 to 3 in table 7). This simple exercise confirms that openness is correlated with a higher
global production network shock. In fact, countries that rely more on international partners
both for intermediate supplies as well as for exporting their goods, experience a higher
indirect shock. Looking at the degree of specialization in production (log(specialization)),
we find that a higher degree of specialization is correlated with a bigger indirect effect of
the shock.28 Countries that specialize their production leverage more on their comparative
advantages. At the same time, a higher degree of specialization implies a higher dependence
on other countries both for the intermediaries as well as for exporting the final goods, but
crucially it also implies a higher dependence on trading partners to buy all other goods that
are not produced at home.

In columns 4 to 6 of table 7, we show the regressions where the dependent variable is the
log(∣ direct ∣). First, both the degree of openness as well as the degree of specialization in
production play a smaller role. The direct effect is mainly driven by the direct production
shock that each country experiences due to the policy intervention of the quarantine. In this
case, openness smooths the direct effect of the COVID-19 shock, allowing countries to source
intermediates or consumption goods when home production is disrupted. On the other hand,
a higher degree of specialization in production is correlated with a smaller direct effect. In
this case, a higher degree of specialization implies that countries have a higher comparative
advantage in a specific sector, hence a lower price compared to their competitors. In our
model, the COVID-19 shock is a production barrier that imposes quarantine to a share of
the labor force and increases the production cost of the goods produced in each country,
proportionally to the share of employment in each sector of activity. An increase in the
production cost in a sector will prove to be less severe in a country that has a higher
comparative advantage in that specific sector.

It is important to clarify that this exercise compares countries with different degrees of
openness conditional on receiving the same drop in real income. However, it does not allow
us to answer the following counterfactual question: "what would have happened if the world
was less integrated? Would the total drop in real income due to the COVID-19 be smaller
in a less integrated world? In the next section, we leverage on our model to answer these
questions.

28Note the dependent variable in the regression is log(∣ indirect ∣) and the HHI index for specialization in
production is higher for less specialized countries, while it is lower for more specialized countries. The same
applies for the HHI index of diversification in trade partners.
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4.2 Less Integrated World

In this section we quantify the real income effect of the COVID-19 shock in a less integrated
world scenario, where we increase the trade costs in each country and sector by a 100
percentage points. First and unsurprisingly, a less integrated world itself implies enormous
income losses for all countries in our sample. Tables 8 and 9 show the real income changes
for all countries in the sample for shock-1 and shock-2 in a less integrated world. In both
tables, column 2 and 7 present the real income losses stemming from the increase in trade
costs by a 100 percentage points. Column 3 and 8 show the real income changes stemming
from the COVID-19 shocks in a less integrated economy, while columns 4 and 9 present the
welfare effects due to the COVID-19 shocks in the open economy (as in table 1). Finally,
columns 5 and 10 (Δ Shock 1 and Δ Shock2) present the difference between the real income
drop due to the COVID-19 shocks in a less integrated vs. open economy.

The COVID-19 shock is smaller for all countries in the less integrated economy than in the
open economy under both shocks. Indeed, in a less integrated world countries experience an
enormous reduction in real income due to the increase in trade costs, hence the additional
effect of the global pandemic shock plays a relatively smaller role. Indeed, in tables 10 and
11, we present the results of the decomposition from equation 19 in a less integrated world.
Interestingly, when raising trade costs in all countries, the indirect component is lower than
in the open economy, but it still accounts for a relevant share of the drop in income due
to the COVID-19 shock. In our counterfactual exercise, the increase in trade cost mimics a
world with higher trade barriers, but not a complete autarky scenario; countries would still
trade, use intermediates from abroad and sell final goods in foreign countries.

This finding highlights the importance of inter-sectoral linkages in the transmission of the
shock: a higher degree of integration in the global production network implies that a shock
in one country directly diffuses though the trade linkages to other countries. Trade has two
different effects in our model: on the one hand, it smooths the effect of the shock by allowing
consumers to purchase and consume goods they wouldn’t otherwise be able to consume in
a world with production barriers in quarantine. On the other hand, the COVID-19 shock
increases production costs of intermediate inputs that are used at home and abroad. Our
counterfactual exercise clearly shows that an increase in trade costs would not significantly
decrease the impact of the COVID-19 shock across countries. However, increasing trade
barriers implies an additional drop in real income between 14% and 33% across countries.

179
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

5 Conclusions

This study uses a general equilibrium framework to evaluate the economic impact of the
COVID-19 shock. We model the COVID-19 shock as a production barrier that deters pro-
duction for home consumption and for exports through a temporary drop in the labor units
available in each country. The spread of COVID-19 disease provides a unique set-up to un-
derstand and study the diffusion of a global production shock along the global value chains.
However, understanding the effects of a global production disruption induced by a pandemic
is complex. In this paper, the modelling choice of the shock accounts for the geography of the
diffusion of the COVID-19 shock across regions and countries, the geographical distribution
of sectors in each country and the labour intensity of each sector of production to return a
reliable measure of the impact of the COVID-19 disease as a production barrier. Crucially,
in a model with interrelated sectors the cost of the input bundle depends on wages and on
the price of all the composite intermediate goods in the economy, both non-tradable and
tradable. In our framework, the COVID-19 shock has a direct effect on the cost of each
input as well as an indirect effect via the sectoral linkages.

We perform three different exercises: (i) we include the COVID-19 shock in the model and
we estimate a snap-shot scenario based on the actual number of COVID-19 cases in each
country, (ii) we include the quarantine shock and estimate a quarantine scenario, imposing
quarantine to a fraction of the labour force in each countries, (iii) we decompose the effect
into a direct effect from the production shock induced by the COVID-19 quarantine and
an indirect effect coming from the global shock affecting the other countries. We perform
the three exercises both in an open economy with the actual tariff and trade cost levels and
in a closer economy, where we increase the trade costs by 100 percentage points in each
sector-country. The quantitative exercise requires data on bilateral trade flows, production,
tariffs, sectoral trade elasticities, employment shares by sector and region and the number
of COVID-19 cases in each region or country. We calibrate a 44 countries 50 sector economy
and incorporate the COVID-19 shock to evaluate the welfare effects for each country both
in aggregate and at the sectoral level.

We show that the shock dramatically reduces real income for all countries in all counterfac-
tual scenarios and that sectoral interrelations and global trade linkages have a crucial role in
explaining the transmission of the shock across countries. COVID-19 shock is a pandemic
shock, hence it has a contemporaneous effect in many countries and to all sectors of produc-
tion. We use the model to perform a model-based identification of the effect of COVID-19
shock and provide evidence on the importance of global trade linkages and inter-sectoral

180
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

trade when studying the effect of a global shock to production on the welfare of each coun-
try. We decompose the COVID-19 total income change into a direct component due to the
domestic production shock and an indirect component due to global linkages. We show that
linkages between countries account for a substantial share of the total income drop observed.

Certainly, this model abstracts from many other aspects related to the diffusion of the
COVID-19 disease which are the topic of study of epidemiologist, medical doctors and statis-
ticians. Moreover, we do not account for the health consequences of the pandemic itself. We
believe that understanding how the COVID-19 virus disease spreads across regions is outside
the scope of this paper. In our framework, the spread of COVID-19 disease is modeled an
exogenous shock that allows us to study the diffusion of the production disruption along
the global value chains and to highlight the importance of modeling and including sectoral
interrelations to quantify the economic impact of the COVID-19 shock.
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Figures

Figure 1: Corona Cases and change in welfare
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Note: The figure shows the correlation between the log change in real income across countries over the log
number of COVID-19 cases per country.
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Figure 2: Decomposition of real income changes - Shock 1 - Open Economy

-3 -2.5 -2 -1.5 -1 -.5 0 .5

decomposed real income changes, in %

Slovenia
Turkey

Norway
Estonia
Cyprus

ROW
Denmark
Sweden

Malta
Germany

Netherlands
Austria

UK
USA

Switzerland
France

Portugal
Ireland

Italy
Luxembourg

Belgium
Spain

Direct GVC Global

-3 -2.5 -2 -1.5 -1 -.5 0 .5 1

decomposed real income changes, in %

India
Japan

Indonesia
China
Brasil

Mexico
Taiwan
Russia

Australia
Korea

Greece
Slovakia
Hungary

Poland
Bulgaria

Latvia
Romania
Lithuania

Finland
Croatia

Czech R.
Canada

Direct GVC Global

186
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

Figure 3: Decomposition of real income changes - Shock 2 - Open Economy
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Tables

Table 1: Welfare change across countries (in %) - Open Economy

Open Economy Open Economy

Country (Shock 1) (Shock 2) Country (Shock 1) (Shock 2)
in % in % in % in %

Australia -0.31 -10.65 India -0.11 -13.99
Austria -1.08 -12.87 Indonesia -0.15 -13.07
Belgium -2.04 -11.30 Japan -0.14 -9.55
Brasil -0.19 -10.76 Luxembourg -1.97 -10.92
Bulgaria -0.42 -12.88 Malta -0.94 -11.82
Canada -0.63 -10.85 Mexico -0.22 -12.72
China -0.19 -13.32 Netherlands -0.98 -11.19
Croatia -0.59 -13.37 Norway -0.81 -10.59
Cyprus -0.83 -11.65 Poland -0.40 -12.78
Czech R. -0.60 -12.59 Portugal -1.64 -12.03
Denmark -0.87 -11.54 ROW -0.85 -12.52
Estonia -0.81 -12.33 Romania -0.50 -12.75
Finland -0.56 -11.07 Russia -0.27 -13.36
France -1.62 -12.20 Slovakia -0.39 -12.27
Germany -0.96 -11.24 Slovenia -0.65 -13.34
Greece -0.38 -10.19 Spain -2.88 -12.18
Hungary -0.40 -12.53 Sweden -0.90 -3.50
Ireland -1.71 -9.04 Switzerland -1.50 -10.89
Italy -1.93 -12.05 Taiwan -0.27 -7.59
Korea -0.38 -11.92 Turkey -0.79 -14.17
Latvia -0.46 -12.58 UK -1.11 -9.30
Lithuania -0.51 -12.74 USA -1.29 -10.36
Note: The table presents the aggregated real income changes in % for every country.
Column 2 and 5 show the real income changes in the snap-shot scenario assuming
no quarantine for any country (shock 1) in the open economy. Columns 3 and 6
present the real income changes in % for the quarantine scenario (shock 2) in the
open economy. Equation 2 highlights how we included the shock.
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Table 2: Change in value added in bn USD - Open Economy

Panel A: Shock 1 - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -0.85 -0.26 -2.79 -1.50 -3.85 -10.04
Food, Beverages, Tabacco -0.66 -0.59 -3.08 -0.74 -4.93 -3.10
Mining, Quarrying -0.17 -0.07 -5.93 -0.87 -1.38 -14.83
Textiles -0.71 -0.10 -0.33 -0.13 -1.53 -1.23
Electrical Equipment -0.58 -1.08 -4.23 -0.05 -3.41 -2.49
Machinery, Equipment -0.99 -1.51 -2.10 -0.69 -5.06 -1.97
Motor Vehicles -0.22 -1.42 -1.57 -0.58 -2.82 -1.79
Intm. Resources Manufacturing -2.00 -2.11 -8.01 -1.66 -10.22 -6.67
Manufacturing, nec. -0.40 -0.47 -2.84 -0.45 -2.54 -1.47
Pharmaceuticals -0.22 -0.33 -1.21 -0.19 -2.00 -1.00
Chemicals -0.37 -0.60 -3.52 -0.27 -2.77 -1.34
Electricity, Water, Gas -1.01 -1.03 -4.12 -0.38 -6.62 -5.94
Construction -1.89 -1.59 -8.53 -1.33 -12.45 -9.23
Wholesale, Retail Trade -4.30 -3.25 -27.17 -1.28 -25.47 -18.75
Transport -2.18 -1.53 -5.81 -0.67 -11.22 -8.22
Accommodation and Food -1.38 -0.53 -6.26 -0.36 -7.81 -3.07
Real Estate -5.31 -3.80 -26.49 -1.05 -26.34 -10.58
Public Services -3.81 -3.90 -37.83 -0.89 -25.37 -12.83
Social Services -2.45 -2.64 -15.79 -0.36 -17.45 -5.22
Services, nec. -9.52 -8.57 -55.14 -3.14 -61.37 -30.13

Panel B: Shock 2 - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -5.18 -2.80 -22.03 -132.75 -31.80 -228.74
Food, Beverages, Tabacco -4.07 -6.51 -25.11 -55.36 -40.21 -79.95
Mining, Quarrying -1.00 -0.66 -47.01 -76.51 -12.78 -269.77
Textiles -3.85 -1.08 -2.98 -35.60 -11.21 -35.28
Electrical Equipment -3.10 -10.99 -34.56 -61.85 -29.66 -69.01
Machinery, Equipment -6.90 -17.12 -19.13 -33.98 -47.81 -40.02
Motor Vehicles -1.80 -17.14 -15.00 -29.62 -30.99 -44.66
Intm. Resources Manufacturing -12.14 -23.40 -66.55 -138.77 -89.86 -185.15
Manufacturing, nec. -2.86 -5.76 -25.69 -20.24 -23.62 -33.83
Pharmaceuticals -1.35 -3.86 -9.99 -10.78 -16.39 -15.97
Chemicals -1.91 -5.99 -27.53 -30.54 -20.82 -38.87
Electricity, Water, Gas -6.20 -11.77 -34.00 -32.23 -55.30 -115.63
Construction -11.78 -18.40 -69.02 -93.81 -103.05 -228.11
Wholesale, Retail Trade -26.21 -36.11 -218.86 -136.29 -206.58 -466.48
Transport -13.11 -16.40 -46.44 -61.45 -90.10 -192.99
Accommodation and Food -8.59 -6.04 -50.55 -26.73 -55.60 -75.05
Real Estate -32.89 -43.89 -213.44 -78.04 -209.44 -257.97
Public Services -23.51 -44.49 -305.83 -61.71 -206.75 -329.16
Social Services -15.23 -31.00 -127.22 -24.96 -142.41 -125.95
Services, nec. -58.43 -96.33 -444.32 -250.79 -490.24 -680.97
Note: The table presents the sectoral value added changes, in bn USD for selected countries, Italy, Germany, USA,
and China. The upper part of the table presents the results for shock 1 in an open economy. The second part presents
the results in the case of shock 2 in an open economy. Column 6 reports the value added results for EU28, which are
weighted by the initial value added by country. Column 7 shows the value added weighted results for all remaining
countries. Further, sectors are aggregated into broader categories (see table A3 in the Appendix).
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Table 3: Change of sectoral trade, in bn USD - Shock 1 - Open Economy

Panel A: Shock 1 - Changes of Exports - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -0.07 -0.15 -0.24 -0.11 -1.40 -2.12
Food, Beverages, Tabacco -0.16 -0.91 -0.21 -0.54 -3.89 -3.10
Mining, Quarrying -0.01 -0.10 -0.28 -0.11 -0.97 -10.86
Textiles -0.37 -0.26 -0.06 -2.74 -1.54 -3.49
Electrical Equipment -0.34 -1.61 -0.81 -6.59 -4.96 -6.59
Machinery, Equipment 0.21 -1.68 -0.42 -2.53 -3.54 -2.78
Motor Vehicles 0.01 -2.45 -0.26 -0.84 -5.13 -5.95
Intm. Resources Manufacturing -0.81 -2.71 -1.59 -3.33 -11.08 -10.90
Manufacturing, nec. 0.05 -0.81 -0.93 -2.12 -2.21 -3.50
Pharmaceuticals -0.07 -0.56 -0.39 -0.30 -2.14 -1.14
Chemicals -0.31 -1.50 -0.70 -0.72 -5.00 -3.31
Electricity, Water, Gas -0.04 -0.33 -0.24 -0.05 -1.28 -0.64
Construction -0.02 -0.03 -0.00 -0.14 -0.59 -0.22
Wholesale, Retail Trade -0.22 -0.91 -1.75 -1.78 -5.92 -3.83
Transport -0.14 -0.46 -0.86 -0.88 -4.04 -3.80
Accommodation and Food -0.00 -0.10 -0.01 -0.09 -0.37 -1.21
Real Estate -0.02 -0.02 -0.02 0.00 -0.14 -0.07
Public Services -0.13 -0.18 -0.99 -0.04 -2.64 -2.57
Social Services -0.01 -0.01 -0.02 -0.01 -0.11 -0.18
Services, nec. -0.32 -1.46 -3.41 -1.03 -10.22 -5.89

Panel B: Shock 1 - Changes of Imports - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -0.35 -0.35 -0.74 -0.08 -2.23 -1.00
Food, Beverages, Tabacco -0.82 -0.58 -1.22 0.11 -5.15 -2.03
Mining, Quarrying -0.84 -0.52 -3.19 -0.37 -5.25 -3.55
Textiles -0.75 -0.47 -2.18 0.01 -3.76 -2.40
Electrical Equipment -0.86 -1.42 -4.77 -0.18 -7.37 -7.05
Machinery, Equipment -0.76 -0.74 -2.06 0.36 -4.62 -3.14
Motor Vehicles -0.78 -1.00 -4.17 0.31 -6.00 -2.75
Intm. Resources Manufacturing -1.94 -2.19 -4.98 -0.11 -13.37 -9.12
Manufacturing, nec. -0.46 -0.60 -2.06 0.24 -3.94 -3.25
Pharmaceuticals -0.46 -0.25 -0.68 0.08 -2.61 -0.80
Chemicals -0.84 -0.95 -1.85 -0.18 -5.48 -2.45
Electricity, Water, Gas -0.23 -0.20 -0.21 0.00 -1.52 -0.47
Construction -0.07 -0.10 -0.04 -0.00 -0.56 -0.35
Wholesale, Retail Trade -0.75 -0.78 -0.88 -0.03 -5.35 -7.02
Transport -0.50 -0.53 -0.65 -0.04 -4.09 -4.80
Accommodation and Food -0.09 -0.09 -0.09 -0.01 -0.78 -0.79
Real Estate -0.02 -0.01 -0.00 -0.00 -0.13 -0.10
Public Services -0.30 -0.17 -1.56 -0.01 -3.78 -0.89
Social Services -0.01 -0.01 -0.07 -0.00 -0.14 -0.11
Services, nec. -0.87 -1.45 -2.23 -0.05 -10.64 -7.63
Note: The table presents the sectoral export and import changes under shock 1 in an open economy. The upper
part of the table shows the changes in exports in bn USD for the selected countries and regions, while the lower part
of the table shows the sectoral import changes for the same countries and regions under shock 1 in the open economy.
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Table 4: Change of sectoral trade, in bn USD - Shock 2 - Open Economy

Panel A: Shock 1 - Changes of Exports - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -0.87 -1.62 -6.55 -1.61 -14.37 -33.88
Food, Beverages, Tabacco -3.79 -9.15 -8.83 -5.66 -45.89 -41.28
Mining, Quarrying -0.17 -1.32 -5.15 -1.47 -11.42 -190.71
Textiles -6.67 -3.48 -1.58 -33.65 -21.37 -42.29
Electrical Equipment -4.53 -20.97 -17.58 -85.47 -61.21 -140.49
Machinery, Equipment -10.79 -29.45 -14.23 -16.91 -72.70 -36.47
Motor Vehicles -4.29 -38.06 -12.64 -5.50 -80.49 -54.47
Intm. Resources Manufacturing -13.34 -31.77 -33.45 -36.49 -131.03 -168.76
Manufacturing, nec. -4.41 -11.66 -20.89 -14.31 -43.06 -40.60
Pharmaceuticals -2.51 -5.87 -4.98 -1.94 -26.92 -12.53
Chemicals -3.53 -16.28 -13.89 -11.14 -52.74 -58.57
Electricity, Water, Gas -0.44 -3.11 -2.44 -0.55 -12.08 -6.02
Construction -0.29 -0.36 -0.01 -1.74 -6.88 -3.67
Wholesale, Retail Trade -3.16 -10.54 -25.05 -22.84 -68.81 -53.94
Transport -2.16 -6.49 -15.29 -10.01 -50.86 -51.04
Accommodation and Food -0.01 -1.27 -0.20 -1.09 -5.27 -18.56
Real Estate -0.28 -0.28 -0.33 0.00 -1.61 -0.96
Public Services -1.33 -1.61 -8.24 -0.43 -23.90 -23.93
Social Services -0.18 -0.10 -0.24 -0.09 -1.47 -1.98
Services, nec. -3.77 -17.15 -40.53 -10.47 -116.59 -72.33

Panel B: Shock 2 - Changes of Imports - Open Economy

Sector Italy Germany USA China EU28 Rest of World
bn USD bn USD bn USD bn USD bn USD bn USD

Agriculture -2.02 -3.87 -5.72 -11.65 -18.55 -23.76
Food, Beverages, Tabacco -4.36 -6.76 -8.47 -7.92 -41.98 -50.57
Mining, Quarrying -4.83 -5.60 -24.91 -41.83 -40.43 -104.57
Textiles -4.03 -5.41 -16.88 -4.79 -29.83 -53.92
Electrical Equipment -5.09 -15.87 -37.10 -61.14 -68.94 -144.63
Machinery, Equipment -3.59 -7.85 -12.89 -18.72 -39.44 -71.67
Motor Vehicles -4.08 -11.08 -27.34 -13.19 -50.92 -66.00
Intm. Resources Manufacturing -10.81 -24.13 -37.08 -34.67 -116.31 -191.74
Manufacturing, nec. -2.20 -6.69 -12.50 -13.25 -31.84 -64.76
Pharmaceuticals -2.63 -3.13 -5.40 -2.73 -21.06 -17.57
Chemicals -4.85 -10.32 -14.98 -18.43 -46.82 -60.02
Electricity, Water, Gas -1.27 -2.20 -1.66 -0.62 -11.79 -7.01
Construction -0.38 -1.15 -0.31 -0.81 -4.72 -6.45
Wholesale, Retail Trade -4.28 -8.99 -6.86 -7.15 -44.41 -112.22
Transport -2.82 -5.71 -4.87 -9.71 -33.46 -79.14
Accommodation and Food -0.50 -0.98 -0.70 -3.36 -6.13 -14.94
Real Estate -0.14 -0.07 -0.04 -0.02 -1.08 -1.76
Public Services -1.68 -1.96 -12.05 -1.53 -25.81 -17.11
Social Services -0.05 -0.10 -0.52 -0.30 -1.05 -1.90
Services, nec. -4.99 -16.19 -17.42 -15.23 -79.67 -127.60
Note: The table presents the sectoral export and import changes under shock 1 in an open economy. The upper
part of the table shows the changes in exports in bn USD for the selected countries and regions, while the lower part
of the table shows the sectoral import changes for the same countries and regions under shock 2 in the open economy.
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Table 5: Decomposition of real income changes - Shock 1 - Open Economy

Country Direct GVC GE Country Direct GVC GE
Effect Effect Effect Effect Effect Effect
in % in % in % in % in % in %

Australia -0.156 -0.095 -0.062 Korea -0.110 -0.247 -0.018
Austria -0.796 -0.296 0.014 Latvia -0.191 -0.292 0.026
Belgium -1.724 -0.310 -0.010 Lithuania -0.195 -0.322 0.009
Brasil -0.080 -0.094 -0.020 Luxembourg -1.569 -0.413 0.015
Bulgaria -0.053 -0.353 -0.015 Malta -0.483 -0.381 -0.073
Canada -0.442 -0.261 0.068 Mexico -0.032 -0.136 -0.055
China -0.029 -0.161 -0.004 Netherlands -0.771 -0.215 0.003
Croatia -0.277 -0.314 0.002 Norway -0.629 -0.196 0.018
Cyprus -0.498 -0.306 -0.027 Poland -0.123 -0.229 -0.052
Czech R. -0.266 -0.311 -0.027 Portugal -1.229 -0.396 -0.012
Denmark -0.602 -0.256 -0.010 ROW -0.648 -0.160 -0.040
Estonia -0.522 -0.279 -0.011 Romania -0.220 -0.250 -0.033
Finland -0.345 -0.193 -0.023 Russia -0.102 -0.104 -0.065
France -1.398 -0.206 -0.014 Slovakia -0.096 -0.303 0.006
Germany -0.654 -0.311 0.005 Slovenia -0.293 -0.326 -0.031
Greece -0.146 -0.206 -0.033 Spain -2.684 -0.121 -0.072
Hungary -0.081 -0.341 0.018 Sweden -0.632 -0.269 0.003
India -0.005 -0.065 -0.036 Switzerland -1.197 -0.338 0.036
Indonesia -0.008 -0.158 0.013 Taiwan -0.009 -0.279 0.019
Ireland -1.373 -0.272 -0.067 Turkey -0.591 -0.174 -0.020
Italy -1.720 -0.166 -0.039 UK -0.903 -0.225 0.018
Japan -0.040 -0.101 -0.001 USA -1.223 -0.063 0.000
Note: The table reports the real income changes decomposed into the direct production
effect (columns 2 and 6), the indirect global value chains effect (columns 3 and 7)and into
the additional GE effect that occurs due to the global nature of the shock and its feedback
general equilibirum effects (columns 4 and 8).
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Table 6: Decomposition of real income changes - Shock 2 - Open Economy

Country Direct GVC GE Country Direct GVC GE
Effect Effect Effect Effect Effect Effect
in % in % in % in % in % in %

Australia -8.677 -2.127 0.159 Korea -8.455 -3.928 0.459
Austria -9.398 -3.994 0.525 Latvia -9.072 -4.014 0.508
Belgium -7.564 -4.168 0.435 Lithuania -8.567 -4.763 0.588
Brasil -9.225 -1.710 0.179 Luxembourg -6.454 -5.000 0.534
Bulgaria -8.970 -4.437 0.531 Malta -7.671 -4.508 0.359
Canada -8.341 -2.914 0.402 Mexico -10.292 -2.714 0.283
China -11.307 -2.385 0.375 Netherlands -7.305 -4.377 0.492
Croatia -9.954 -3.929 0.511 Norway -7.930 -3.037 0.374
Cyprus -8.306 -3.736 0.397 Poland -9.029 -4.260 0.511
Czech R. -7.661 -5.603 0.671 Portugal -9.282 -3.106 0.354
Denmark -8.417 -3.552 0.433 ROW -9.696 -3.155 0.328
Estonia -8.241 -4.606 0.522 Romania -9.165 -4.032 0.443
Finland -8.556 -2.783 0.268 Russia -10.849 -2.844 0.335
France -9.973 -2.531 0.305 Slovakia -7.646 -5.239 0.616
Germany -6.890 -4.949 0.599 Slovenia -8.702 -5.271 0.637
Greece -7.905 -2.495 0.211 Spain -9.862 -2.502 0.188
Hungary -7.960 -5.252 0.685 Sweden 0.000 -3.629 0.129
India -12.286 -1.970 0.263 Switzerland -7.487 -3.860 0.454
Indonesia -10.388 -3.095 0.416 Taiwan -3.988 -3.905 0.301
Ireland -4.562 -4.761 0.286 Turkey -11.263 -3.359 0.455
Italy -9.279 -3.090 0.322 UK -6.952 -2.615 0.268
Japan -7.592 -2.183 0.221 USA -9.024 -1.556 0.217
Note: The table reports the real income changes decomposed into the direct production
effect (columns 2 and 6), the indirect global value chains effect (columns 3 and 7)and into
the additional GE effect that occurs due to the global nature of the shock and its feedback
general equilibirum effects (columns 4 and 8).
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Table 7: Openness, trade diversification and specialization in production

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

VARIABLES log(indirect) log(indirect) log(indirect) log(direct) log(direct) log(direct)

log(Openness) 0.639a 0.921a 0.902a -0.299a -0.383a -0.386a
(0.185) (0.118) (0.109) (0.070) (0.032) (0.031)

log(Specialization) -8.380a -7.903a 2.661a 2.733a
(1.220) (1.157) (0.429) (0.384)

log(Diversification) -0.446 -0.070
(0.434) (0.136)

Constant 1.155b 1.192a 1.140a -0.913a -1.036a -1.038a
(0.561) (0.377) (0.368) (0.275) (0.229) (0.228)

Controls x x x x x x

Observations 44 44 44 43 43 43
Adjusted R2 0.697 0.839 0.841 0.924 0.958 0.957
Notes: The table reports the regression of the log(∣ direct ∣) and the log(∣ indirect ∣) change in real income for all the
44 countries in our sample. In columns from 4 to 6, the number of observation is 43 because Sweden did not implement
any policy restriction that imposed quarantine to the population, so it is not included in the regression. The explanatory
variables are log(openness) = log(Xi+Mi

Ii ), log(diversif ication) = log(HHI_M), log(specialization) = HHI_output. Note that
an increase in the HHI indexes implies a reduction in diversification(specialization). Controls include log(initial − income)
and log(total − income − cℎange) Robust standard errors in parenthesis, a<0.01, b<0.05, c<0.10.

Table 8: Real income changes (in %) - Shock 1 - Less integrated vs. Open Economy

Country Less integrated Economy Open Economy Δ Country Less integrated Economy Open Economy Δ

Trade Costs Shock 1 Shock 1 Shock 1 Trade Costs Shock 1 Shock 1 Shock 1

Australia -18.36 -0.27 -0.31 0.04 Korea -21.77 -0.32 -0.38 0.06
Austria -22.59 -0.84 -1.08 0.24 Latvia -30.80 -0.32 -0.46 0.14
Belgium -27.05 -1.49 -2.04 0.56 Lithuania -30.00 -0.37 -0.51 0.14
Brasil -13.98 -0.18 -0.19 0.01 Luxembourg -29.65 -1.43 -1.97 0.53
Bulgaria -33.50 -0.29 -0.42 0.14 Malta -34.43 -0.62 -0.94 0.32
Canada -20.02 -0.51 -0.63 0.12 Mexico -17.38 -0.20 -0.22 0.03
China -17.12 -0.20 -0.19 -0.00 Netherlands -19.99 -0.81 -0.98 0.17
Croatia -27.89 -0.43 -0.59 0.16 Norway -19.55 -0.66 -0.81 0.15
Cyprus -31.14 -0.58 -0.83 0.25 Poland -23.09 -0.32 -0.40 0.08
Czech R. -21.68 -0.49 -0.60 0.11 Portugal -24.12 -1.23 -1.64 0.40
Denmark -19.91 -0.71 -0.87 0.16 ROW -29.33 -0.60 -0.85 0.25
Estonia -31.87 -0.56 -0.81 0.26 Romania -27.35 -0.38 -0.50 0.13
Finland -22.12 -0.44 -0.56 0.12 Russia -20.91 -0.23 -0.27 0.04
France -18.87 -1.31 -1.62 0.31 Slovakia -25.90 -0.31 -0.39 0.08
Germany -19.44 -0.79 -0.96 0.17 Slovenia -26.58 -0.49 -0.65 0.16
Greece -24.02 -0.31 -0.38 0.08 Spain -18.31 -2.32 -2.88 0.56
Hungary -22.13 -0.33 -0.40 0.07 Sweden -22.61 -0.70 -0.90 0.20
India -13.84 -0.10 -0.11 0.00 Switzerland -19.72 -1.22 -1.50 0.28
Indonesia -18.60 -0.14 -0.15 0.01 Taiwan -24.39 -0.22 -0.27 0.05
Ireland -21.57 -1.37 -1.71 0.34 Turkey -18.55 -0.64 -0.79 0.14
Italy -16.61 -1.60 -1.93 0.33 UK -20.38 -0.88 -1.11 0.22
Japan -14.63 -0.14 -0.14 0.00 USA -13.06 -1.11 -1.29 0.17
Note: The table presents the aggregated real income changes in % for every country. Column 2 and 6 show the real income changes solely driven
by the increase in trade costs by 100 percentage points. Column 3 and 7 present the real income changes in % driven by the COVID-19 shock under
a Less integrated economy. Column 4 and 8 present the shock i under an open economy (similar to table 1). Column 5 and 9 present the difference
between the shock under an open vs. a Less integrated economy. Equation 2 highlights how we included the shock.
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Table 9: Real income changes (in %) - Shock 2 - Less integrated vs. Open Economy

Country Less integrated Economy Open Economy Δ Country Less integrated Economy Open Economy Δ

Trade Costs Shock 2 Shock 2 Shock 2 Trade Costs Shock 2 Shock 2 Shock 2

Australia -18.36 -8.70 -10.65 1.94 Korea -21.77 -9.26 -11.92 2.66
Austria -22.59 -9.96 -12.87 2.90 Latvia -30.80 -8.71 -12.58 3.87
Belgium -27.05 -8.25 -11.30 3.05 Lithuania -30.00 -8.97 -12.74 3.77
Brasil -13.98 -9.30 -10.76 1.45 Luxembourg -29.65 -7.76 -10.92 3.16
Bulgaria -33.50 -8.56 -12.88 4.32 Malta -34.43 -7.76 -11.82 4.06
Canada -20.02 -8.68 -10.85 2.17 Mexico -17.38 -10.53 -12.72 2.20
China -17.12 -10.90 -13.32 2.42 Netherlands -19.99 -8.92 -11.19 2.27
Croatia -27.89 -9.66 -13.37 3.71 Norway -19.55 -8.51 -10.59 2.08
Cyprus -31.14 -8.04 -11.65 3.61 Poland -23.09 -9.81 -12.78 2.97
Czech R. -21.68 -9.85 -12.59 2.74 Portugal -24.12 -9.14 -12.03 2.89
Denmark -19.91 -9.24 -11.54 2.29 ROW -29.33 -8.82 -12.52 3.70
Estonia -31.87 -8.41 -12.33 3.92 Romania -27.35 -9.31 -12.75 3.44
Finland -22.12 -8.63 -11.07 2.44 Russia -20.91 -10.55 -13.36 2.81
France -18.87 -9.89 -12.20 2.31 Slovakia -25.90 -9.07 -12.27 3.20
Germany -19.44 -9.03 -11.24 2.21 Slovenia -26.58 -9.78 -13.34 3.55
Greece -24.02 -7.80 -10.19 2.39 Spain -18.31 -9.94 -12.18 2.24
Hungary -22.13 -9.75 -12.53 2.78 Sweden -22.61 -2.82 -3.50 0.68
India -13.84 -12.01 -13.99 1.98 Switzerland -19.72 -8.77 -10.89 2.13
Indonesia -18.60 -10.69 -13.07 2.38 Taiwan -24.39 -5.80 -7.59 1.79
Ireland -21.57 -7.10 -9.04 1.94 Turkey -18.55 -11.52 -14.17 2.64
Italy -16.61 -10.03 -12.05 2.02 UK -20.38 -7.45 -9.30 1.85
Japan -14.63 -8.21 -9.55 1.35 USA -13.06 -9.04 -10.36 1.32
Note: The table presents the aggregated real income changes in % for every country. Column 2 and 6 show the real income changes solely driven
by the increase in trade costs by 100 percentage points. Column 3 and 7 present the real income changes in % driven by the COVID-19 shock under
a Less integrated economy. Column 4 and 8 present the shock i under an open economy (similar to table 1). Column 5 and 9 present the difference
between the shock under an open vs. a Less integrated economy. Equation 2 highlights how we included the shock.
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Table 10: Decomposition of the real income changes economy - Shock 1 - Less integrated
Economy

Shock 1 Shock 1

Country Direct Indirect GE Trade Costs Country Direct Indirect GE Trade Costs

Australia -0.124 -0.124 -0.021 -18.361 Korea -0.082 -0.285 0.048 -21.767
Austria -0.608 -0.221 -0.011 -22.586 Latvia -0.127 -0.187 -0.007 -30.795
Belgium -1.243 -0.255 0.012 -27.053 Lithuania -0.135 -0.253 0.022 -29.996
Brasil -0.068 -0.113 -0.004 -13.982 Luxembourg -1.134 -0.301 0.000 -29.646
Bulgaria -0.035 -0.245 -0.006 -33.503 Malta -0.312 -0.311 0.008 -34.429
Canada -0.343 -0.097 -0.070 -20.019 Mexico -0.028 -0.140 -0.029 -17.380
China -0.023 -0.160 -0.011 -17.123 Netherlands -0.619 -0.194 0.003 -19.994
Croatia -0.195 -0.237 0.004 -27.888 Norway -0.501 -0.162 0.004 -19.545
Cyprus -0.337 -0.250 0.006 -31.143 Poland -0.092 -0.227 -0.005 -23.089
Czech R. -0.210 -0.268 -0.014 -21.684 Portugal -0.915 -0.322 0.003 -24.121
Denmark -0.479 -0.255 0.027 -19.907 ROW -0.445 -0.113 -0.037 -29.326
Estonia -0.350 -0.198 -0.009 -31.869 Romania -0.155 -0.229 0.007 -27.346
Finland -0.263 -0.175 -0.006 -22.117 Russia -0.083 -0.221 0.074 -20.908
France -1.117 -0.170 -0.021 -18.866 Slovakia -0.069 -0.265 0.026 -25.896
Germany -0.538 -0.263 0.011 -19.443 Slovenia -0.212 -0.263 -0.017 -26.575
Greece -0.109 -0.170 -0.030 -24.020 Spain -2.150 -0.182 0.014 -18.312
Hungary -0.065 -0.305 0.035 -22.134 Sweden -0.483 -0.210 -0.009 -22.607
India -0.001 -0.015 -0.085 -13.838 Switzerland -0.963 -0.283 0.029 -19.719
Indonesia -0.007 -0.118 -0.015 -18.603 Taiwan -0.003 -0.194 -0.021 -24.390
Ireland -1.096 -0.254 -0.025 -21.573 Turkey -0.477 -0.168 0.004 -18.546
Italy -1.414 -0.213 0.031 -16.612 UK -0.704 -0.173 -0.008 -20.375
Japan -0.033 -0.101 -0.003 -14.631 USA -1.048 -0.027 -0.037 -13.055
Note: This table decomposes the real income changes under shock 1, in the less integrated world,
into its four components: direct, indirect, GE and trade cost effect.
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Table 11: Decomposition of the real income changes economy - Shock 2 - Less integrated
Economy

Shock 2 Shock 2

Country Direct Indirect GE Trade Costs Country Direct Indirect GE Trade Costs

Australia -6.986 -1.896 0.177 -18.361 Korea -6.355 -3.386 0.481 -21.767
Austria -7.175 -3.172 0.383 -22.586 Latvia -6.174 -2.862 0.328 -30.795
Belgium -5.442 -3.150 0.346 -27.053 Lithuania -5.904 -3.507 0.442 -29.996
Brasil -7.751 -1.769 0.217 -13.982 Luxembourg -4.614 -3.499 0.350 -29.646
Bulgaria -5.806 -3.117 0.366 -33.503 Malta -4.955 -3.133 0.329 -34.429
Canada -6.561 -2.271 0.147 -20.019 Mexico -8.336 -2.516 0.325 -17.380
China -8.885 -2.354 0.338 -17.123 Netherlands -5.866 -3.443 0.386 -19.994
Croatia -7.055 -2.989 0.379 -27.888 Norway -6.325 -2.461 0.272 -19.545
Cyprus -5.649 -2.694 0.304 -31.143 Poland -6.825 -3.406 0.420 -23.089
Czech R. -6.019 -4.337 0.505 -21.684 Portugal -6.901 -2.525 0.288 -24.121
Denmark -6.701 -2.930 0.388 -19.907 ROW -6.688 -2.324 0.193 -29.326
Estonia -5.522 -3.244 0.361 -31.869 Romania -6.473 -3.263 0.427 -27.346
Finland -6.539 -2.350 0.256 -22.117 Russia -8.439 -2.535 0.426 -20.908
France -7.954 -2.173 0.234 -18.866 Slovakia -5.555 -4.012 0.499 -25.896
Germany -5.645 -3.837 0.455 -19.443 Slovenia -6.271 -3.984 0.472 -26.575
Greece -5.914 -2.048 0.161 -24.020 Spain -7.900 -2.347 0.309 -18.312
Hungary -6.166 -4.129 0.545 -22.134 Sweden 0.000 -2.915 0.091 -22.607
India -10.366 -1.795 0.152 -13.838 Switzerland -6.029 -3.120 0.383 -19.719
Indonesia -8.299 -2.705 0.315 -18.603 Taiwan -2.919 -3.073 0.191 -24.390
Ireland -3.630 -3.744 0.275 -21.573 Turkey -9.064 -2.859 0.398 -18.546
Italy -7.610 -2.805 0.384 -16.612 UK -5.448 -2.210 0.207 -20.375
Japan -6.345 -2.066 0.205 -14.631 USA -7.722 -1.426 0.108 -13.055
Note: This table decomposes the real income changes under shock 2, in the less integrated world,
into its four components: direct, indirect, GE and trade cost effect.

197
C

ov
id

 E
co

no
m

ic
s 1

9,
 1

8 
M

ay
 2

02
0:

 1
59

-2
10



COVID ECONOMICS 
VETTED AND REAL-TIME PAPERS

A Appendix: Data Sources and Description

This section describes the data sources used for the construction of the COVID-19 shocks
and for the counterfactual simulations.

Data needed for the simulation. We use data from World Input-Output database
(WIOD) as our main data source for the simulations. It provides information on bilateral
intermediate and final trade, sectoral output and value-added information, consumer and
producer prices. With this data, one can construct bilateral input-output tables, intermedi-
ate consumption and expenditure levels for 43 countries and a rest of the world aggregate
(RoW) (Timmer et al., 2015). In total each country consists of 56 sectors, which we aggre-
gate into 50 industries (see table A4) in the Appendix. This aggregation concerns mostly
services; we keep the sectoral detail in the manufacturing and agricultural industries. Data
on bilateral preferential and MFN tariffs stem from the World Integrated Trade Solutions
(WITS-TRAINS) and the WTO’s Integrated Database (IDB). The parameter for the pro-
ductivity dispersion, hence the trade cost elasticity is taken from Caliendo and Parro (2015).

To construct the shocks, as detailed in equation 1 and 2, we need the following data:

COVID-19 cases. We exploit information on the number of corona cases in each country
ci and region from multiple sources. We use data from the Johns Hopkins Coronavirus
Resource Center and combine them with information from national statistical offices for
Italy, Germany, Spain and Portugal. This provides us with COVID-19 cases as of April
16th in each of the 43 countries of our data set, with regional disaggregation for the US,
Italy, China, Germany, Spain and Portugal.29 Figure A1 shows 4 selected country maps
with regional variation in the number of COVID-19 cases. The data of COVID-19 cases on
regional level is then merged with the regional, sector level employment data. This way,
we can construct a measure that accounts for the severity with which a sector is hit by
the COVID-19 pandemic. Concrete, the severity of the effect in a sector depends on the
geographical distribution of the sector across regions, on the share of employment affected
in each region and on the labor intensity of each sector.

Employment Data. Information on employment by country-region and sector is crucial
to account for the geographical distribution of sectors across each country as well as for the

29The regional dimension will be updated for every country as soon as this information becomes available.
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Figure A1: COVID-cases by region in selected countries

(a) USA (b) China

(c) Italy (d) Germany

Note: The maps show the number of COVID-19 cases by region for the US (A1a), China (A1b), Italy (A1c), and Germany
(A1d) until the 16th of April 2020. We chose this date to coincide with the data of the simulations. Since COVID-19 pandemics
is still ongoing, we will update the data of COVID-cases in future versions of this paper.

COVID-19 shares over employment in a country-region.30

For the EU, we use the information contained in Eurostat. For the US we use IPUMScps to
construct employment by state(region) and sector of activity. To construct the employment
shares across regions and sectors for China, we use two data sources: first, we use data

30Data on employment at sector-region level are not available for some countries in the sample, we therefore
construct a simpler version of equation 1. In this case, the formula does not capture the geographical
distribution of sectors in the country, but accounts for the sectoral distribution of employment and for their
labor intensity. This is the case for Australia, Brazil, Canada, India, Indonesia, Japan, Korea, Mexico,
Russia, Taiwan, RoW.
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from the National Bureau of Statistic of China for the year 2018 on employment by region
and sector.31 The second data source comes from the 2000 census. The National Bureau
of Statistic of China provides the sector information for 19 sectors and 31 regions. Sectors
consist of one agricultural sector, one mining sector, one manufacturing sector and 16 services
sectors, hence a more aggregated sector level than provided in the paper. We therefore
complement the available data with the employment shares by prefectures and sector from
the 2000 census to construct the regional employment level for each of the WIOD sectors. The
census data is used to retrieve the employment shares in each Chinese region and sector. We
now have information for China divided into 340 prefectures and 151 sectors (SIC industry
code), which is then aggregated to 31 Chinese regions and the 50 WIOD sectors.32 We then
redistribute the most recent available number of employment from the National Bureau of
Statistic of China according to the shares from the 2000 census data (see figure A2).33 This
returns regional employment shares for each WIOD sector and region in China.

Quarantine Restrictiveness. For the construction of the quarantine index  j
i we require

information on the degree of restriction for each country (I ndexClosurei).

We use the index on government responses to the COVID-19 diffusion of the University of
Oxford, where I ndexClosurei is an index of restrictiveness of government responses ranging
from 0 to 100 (see Hale (2020) for a detailed description of the index), where 100 indicates
full restrictions. The index is meant to capture the extent of work, school, transportation
and public event restrictions in each country. Further, using the information contained
in the data-set on government responses to the COVID-19 from the University of Oxford,
we account for the average duration of strict quarantine, which we estimate to be of one
month. COVID-pandemics is still ongoing, which is why we do not have the final number of
quarantine days across countries. Figure A3 presents a graphical representation of the index
from Hale (2020) for our set of countries.

Teleworkability. We follow Dingel and Neiman (2020) to construct a measure of the
degree of teleworkability of each occupation. The information contained in the Occupa-

31See http://www.stats.gov.cn/english/ for a general overview of the data collected by the NBSC,
and http://data.stats.gov.cn/english/ for employment data at regional level.

32The concordance of SIC industry codes to WIOD can be retrieved from the authors. We aggregate the
340 Chinese prefectures to 31 regions, because the COVID-19 data is only available at the more aggregated,
regional level.

33The correlation of the employment shares across regions of the census 2000 data and the data from the
National Bureau of Statistics is 0.93.
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Figure A2: Employment shares across Chinese regions

Note: The map shows the regional employment over total Chinese employment, which is crucial to
construct the geographical distribution of the extent of the shock. We further have data on the within

regional sector distribution needed to construct the shock 1.

tional Information Network (O*NET) surveys is used to construct a measure of feasibility
of working from home for each sector. The information on O*NET is provided as NAICS
classification, for which we provide a concordance to match the WIOD sector classification
(see table A1). The policy interventions implemented due to COVID-19 explicitly exempt
the sensitive sectors from all restrictive measures, which is the reason why we increase the
share of teleworkable employment for such sensitive sectors to 0.8. Precisely, the sensitive
sectors are still producing their goods and services without a complete shutdown. The list
of sensitive sectors includes (ISIC rev 3 sectoral classification): Agriculture (sector 1), Fish-
ing (sector 3), Electricity and gas (sector 23), Water supply (sector 24), Sewage and Waste
(sector 25), Postal and courier (sector 34), Human health and social work (sector 49).

Construction of the shocks. Using all the data described above we can construct the
two shocks (see equations 1 and 1). Figures A4 and A5 show maps of the two shocks for all
countries of the sample. Figure A6 zooms into the EU and shows the size of the two shocks
for the EU countries.
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Figure A3: Restrictiveness Index across countries

Note: The map reports the restrictiveness index for all countries in our sample. An index equal to zero
means no restrictions (i.e. in Sweden), while an index equal 100 means that the entire economy is set under

a complete shutdown (i.e. France it is 0.97. No information is available for countries shaded in gray.

B Additional results

In this subsection, we present different scenarios in which we gradually increase trade costs
in each economy. In practice, we increase trade costs from 10 percentage points to 100
percentage points in each sector-country.34 For both shocks, the additional increases in
trade costs by 10 percentage points on average decreases the size of the real income drops
by 0.02 for Germany and China, 0.18 for Italy, 0.013 for the USA, and by 0.03 across all
countries. Figure A7 shows the real income changes for Italy, Germany, USA, and China and
for an aggregate EU28 and the RoW. At the point 0, the real income changes are identical
to the changes of shock 1 shown in table 1. 100 is identical to our less integrated economy
scenario shown in the main body. The black solid lines indicate the decrease in real income
due to the increase in trade costs plus the shock (1) under different degrees of openness of
the economy. The grey dashed line shows the drop in real income that solely comes from the
trade cost increases. The blue bars show the decrease in real income due to the shock (2).

34The main body of the text presents the results for a less integrated world with an increase of trade costs
by a hundred percentage points.
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Table A1: Teleworkability by sector

NAICS WIOD Sector Teleworkability NAICS WIOD Sector
sec-id sec-id Description sec-id sec-id Description

11 1 Crops, Animals 0.08 23 26 Construction 0.19
11 2 Forestry, Logging 0.08 42 27 Trade, Repair of Motor Vehicles 0.52
11 3 Fishing, Aquaculture 0.08 42 28 Wholesale Trade 0.52
21 4 Mining, Quarrying 0.25 44-45 29 Retail Trade 0.14
11 5 Food, Beverages, Tobacco 0.08 48-49 30 Land Transport 0.19
31-33 6 Textiles, Apparel,Leather 0.22 48-49 31 Water Transport 0.19
31-33 7 Wood, Cork 0.22 48-49 32 Air Transport 0.19
31-33 8 Paper 0.22 48-49 33 Aux. Transportation Services 0.19
31-33 9 Recorded Media Reproduction 0.22 48-49 34 Postal and Courier 0.19
31-33 10 Coke, Refined Petroleum 0.22 72 35 Accommodation and Food 0.04
31-33 11 Chemicals 0.22 51 36 Publishing 0.72
31-33 12 Pharmaceuticals 0.22 51 37 Media Services 0.72
31-33 13 Rubber, Plastics 0.22 51 38 Telecommunications 0.72
31-33 14 Other non-Metallic Mineral 0.22 55 39 Computer, Information Services 0.79
31-33 15 Basic Metals 0.22 52 40 Financial Services 0.76
31-33 16 Fabricated Metal 0.22 52 41 Insurance 0.76
31-33 17 Electronics, Optical Products 0.22 53 42 Real Estate 0.42
31-33 18 Electrical Equipment 0.22 54 43 Legal and Accounting 0.80
31-33 19 Machinery, Equipment 0.22 54 44 Business Services 0.80
31-33 20 Motor Vehicles 0.22 54 45 Research and Development 0.80
31-33 21 Other Transport Equipment 0.22 56 46 Admin., Support Services 0.31
31-33 22 Furniture, Other Manufacturing 0.22 99 47 Public, Social Services 0.41
22 23 Electricity, Gas 0.37 61 48 Education 0.83
22 24 Water Supply 0.37 62 49 Human Health and Social Work 0.25
22 25 Sewerage, Waste 0.37 71 50 Other Services, Households 0.30
Note: The table shows the degree of teleworkability of each WIOD sector. Zero would indicate that work cannot
be done from home, while teleworkability equal to 1 indicates that the entire work is independent of the location.

The green bar (at x-axis 0 - no trade costs) shows the decrease in real income that stems
from the shock. It is identical to the decreases shown in table 1.
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Figure A4: Shock 1 across all countries

Note: The map reports the intensity of the snap-shot shocks (1) imputed into the model for all countries in
our sample. A shock equal to 1 means no changes from the baseline, while a shock of 2 would imply an

increase in the production barrier by a hundred percent. See equation 1 for the precise construction of the
shock.

Figure A5: Shock 2 across all countries

Note: The map reports the size of the quarantine shocks (2) imputed into the model for all countries in our
sample. A shock equal to 1 means no changes from the baseline, while a shock of 2 would imply an increase
in the production barrier by a hundred percent. See equation 2 for the precise construction of the shock.
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Figure A6: Size of the Shocks across EU28 member states

(a) Shock 1 (b) Shock 2

Note: The maps show the size of the snap-shot shocks (1) and the quarantine shock (2), which are imputed into the model for
the EU28 member states. A shock equal to 1 means no changes from the baseline, while a shock of 2 would imply an increase
in the production barrier by a hundred percent for an entire year. See equations 1 and 2 for the precise construction of the
shock. The darker the shade of blue, the higher is the size of the effect. The scale of subfigure A6a goes from 1 (e.g. Bulgaria)
to 1.018 (Spain). The scale of subfigure A6b goes from 1, the least restrictive country (Sweden) to 1.072, the most restrictive
country (i.e. France).
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Figure A7: Real Income Changes with different openness degrees of the economy - Shock 1
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Note: The 6 sub-figures show the real income changes for the four selected countries, Italy, Germany, USA,
and China and the regions EU28, ROW. The x-axis presents the scenarios with different trade cost

increases. At the point 0, the real income changes are identical to the changes of shock 1 shown in table 1.
50 equals the increase in trade costs for every country by 50 percentage points. 100 is identical to our less
integrated economy scenario shown in the main body. The black solid line indicates the decrease in real
income due to the increase in trade costs plus the shock 1 under different degrees of openness of the
economy. The grey dashed line shows the drop in real income that solely comes from the trade cost

increases. The blue bars show the decrease in real income due to the shock 1. The green bar (at x-axis 0 -
no trade costs) shows the decrease in real income that stems from the shock. It is identical to the decreases

shown in table 1.
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Figure A8: Real Income Changes with different openness degrees of the economy - Shock 2

0

-5

-10

-15

-20

-25

-30

C
ha

ng
e 

in
 R

ea
l i

nc
om

e 
in

 %
 (o

nl
y 

Sh
oc

k)

0 20 40 60 80 100
DEU - decrease in openness

0

-5

-10

-15

-20

-25

-30
C

ha
ng

e 
in

 R
ea

l i
nc

om
e 

in
 %

 (o
nl

y 
Sh

oc
k)

0 20 40 60 80 100
ITA - decrease in openness

0

-5

-10

-15

-20

-25

-30

C
ha

ng
e 

in
 R

ea
l i

nc
om

e 
in

 %
 (o

nl
y 

Sh
oc

k)

0 20 40 60 80 100
USA - decrease in openness

0

-5

-10

-15

-20

-25

-30

C
ha

ng
e 

in
 R

ea
l i

nc
om

e 
in

 %
 (o

nl
y 

Sh
oc

k)

0 20 40 60 80 100
CHN - decrease in openness

0

-5

-10

-15

-20

-25

-30

C
ha

ng
e 

in
 R

ea
l i

nc
om

e 
in

 %
 (o

nl
y 

Sh
oc

k)

0 20 40 60 80 100
EU28 - decrease in openness

0

-5

-10

-15

-20

-25

-30

C
ha

ng
e 

in
 R

ea
l i

nc
om

e 
in

 %
 (o

nl
y 

Sh
oc

k)

0 20 40 60 80 100
ROW - decrease in openness

Trade costs + shock
Trade costs
Size of shock
Size of the shock in open economy

Note: The six figures show the real income changes for the four selected countries, Italy, Germany, USA,
and China and the regions EU28, RoW. The x-axis presents the scenarios with different trade cost

increases. At the point 0, the real income changes are identical to the changes of shock 2 shown in table 1.
50 equals the increase in trade costs for every country by 50 percentage points. 100 is identical to our less
integrated economy scenario shown in the main body. The black solid line indicates the decrease in real
income due to the increase in trade costs plus the shock (2) under different degrees of openness of the
economy. The grey dashed line shows the drop in real income that solely comes from the trade cost

increases. The clue bars show the decrease in real income due to the shock (2). The green bar (at x-axis 0 -
no trade costs) shows the decrease in real income that stems from the shock. It is identical to the decreases

shown in table 1.
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Table A2: Change in value added (in %) - Open Economy

Panel B: Shock 1 - Open Economy

Sector Italy Germany USA China EU28 Rest of World
in % in % in % in % in % in %

Agriculture -1.98 -0.98 -1.30 -0.15 -1.38 -0.55
Food, Beverages, Tabacco -1.93 -0.99 -1.26 -0.18 -1.37 -0.46
Mining, Quarrying -2.10 -1.05 -1.30 -0.15 -1.13 -0.67
Textiles -2.28 -0.98 -1.21 -0.05 -1.63 -0.45
Electrical Equipment -2.29 -1.01 -1.31 -0.01 -1.22 -0.40
Machinery, Equipment -1.71 -1.01 -1.20 -0.26 -1.22 -0.57
Motor Vehicles -1.53 -0.97 -1.11 -0.25 -1.05 -0.46
Intm. Resources Manufacturing -2.00 -0.98 -1.26 -0.16 -1.28 -0.43
Manufacturing, nec. -1.67 -0.95 -1.21 -0.29 -1.23 -0.50
Pharmaceuticals -1.89 -1.05 -1.27 -0.24 -1.39 -0.69
Chemicals -2.39 -0.99 -1.32 -0.12 -1.42 -0.41
Electricity, Water, Gas -1.97 -0.97 -1.27 -0.16 -1.33 -0.62
Construction -1.94 -0.97 -1.28 -0.19 -1.34 -0.48
Wholesale, Retail Trade -1.98 -0.99 -1.28 -0.13 -1.37 -0.48
Transport -2.01 -1.00 -1.29 -0.15 -1.37 -0.52
Accommodation and Food -1.93 -0.98 -1.28 -0.18 -1.58 -0.47
Real Estate -1.94 -0.97 -1.29 -0.18 -1.40 -0.47
Public Services -1.95 -0.97 -1.28 -0.19 -1.36 -0.46
Social Services -1.94 -0.96 -1.29 -0.19 -1.35 -0.46
Services, nec. -1.97 -0.98 -1.29 -0.17 -1.36 -0.51

Panel B: Shock 2 - Open Economy

Sector Italy Germany USA China EU28 Rest of World
in % in % in % in % in % in %

Agriculture -12.08 -10.69 -10.23 -13.55 -11.42 -12.61
Food, Beverages, Tabacco -11.90 -10.91 -10.32 -13.47 -11.21 -11.82
Mining, Quarrying -12.10 -9.69 -10.32 -13.47 -10.49 -12.27
Textiles -12.36 -10.25 -10.75 -14.02 -11.92 -12.77
Electrical Equipment -12.34 -10.27 -10.68 -13.99 -10.62 -10.97
Machinery, Equipment -11.95 -11.45 -10.93 -12.89 -11.57 -11.52
Motor Vehicles -12.24 -11.72 -10.62 -12.98 -11.49 -11.61
Intm. Resources Manufacturing -12.11 -10.93 -10.47 -13.44 -11.23 -11.83
Manufacturing, nec. -11.81 -11.63 -11.00 -13.22 -11.50 -11.65
Pharmaceuticals -11.42 -12.16 -10.47 -13.24 -11.38 -10.96
Chemicals -12.30 -9.90 -10.31 -13.63 -10.67 -12.03
Electricity, Water, Gas -12.06 -11.03 -10.45 -13.46 -11.15 -12.04
Construction -12.05 -11.19 -10.37 -13.33 -11.07 -11.83
Wholesale, Retail Trade -12.05 -10.96 -10.35 -13.57 -11.08 -11.90
Transport -12.06 -10.74 -10.33 -13.52 -11.00 -12.11
Accommodation and Food -12.06 -11.10 -10.37 -13.38 -11.27 -11.57
Real Estate -12.06 -11.17 -10.37 -13.37 -11.15 -11.35
Public Services -12.04 -11.11 -10.37 -13.32 -11.12 -11.76
Social Services -12.05 -11.24 -10.37 -13.32 -10.99 -11.15
Services, nec. -12.06 -11.04 -10.36 -13.40 -10.89 -11.63
Note: The table shows the sectoral value added changes, in % for selected countries, Italy, Germany, USA,
and China. The upper part of the table presents the results for shock 1 in an open economy. The second part
presents the results in the case of shock 2 in an open economy. Column 6 presents the value added results (in %)
for EU28, which are weighted by the initial value added by country. Column 7 shows the value added weighted
results for all remaining countries. Further, sectors are aggregated into broader categories (see table A3 in the
Appendix)).
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Table A3: WIOD Sector Aggregation

WIOD Sector WIOD Sector
sec-id Description sec-id Description

Agriculture 23 Electricity, Gas
2 Forestry, Logging 24 Water Supply
1 Crops, Animals Construction
3 Fishing, Aquaculture 26 Construction

Food, Beverages, Tobacco Wholesale and Retail Trade
5 Food, Beverages, Tobacco 29 Retail Trade

Mining, Quarrying 28 Wholesale Trade
4 Mining, Quarrying 27 Trade, Repair of Motor Vehicles

Textiles Transport
6 Textiles, Apparel,Leather 30 Land Transport

Electrical Equipment 33 Aux. Transportation Services
18 Electrical Equipment Transport
17 Electronics, Optical Products 32 Air Transport

Machinery, Equipment 31 Water Transport
19 Machinery, Equipment Accommodation and Food

Motor Vehicles 35 Accommodation and Food
20 Motor Vehicles Real Estate

Intm. Resources Manufacturing 42 Real Estate
9 Recorded Media Reproduction Public Services
8 Paper 46 Admin., Support Services
10 Coke, Refined Petroleum 47 Public, Social Services
16 Fabricated Metal Social Services
13 Rubber, Plastics 49 Human Health and Social Work
7 Wood, Cork Services, nec.
15 Basic Metals 37 Media Services
14 Other non-Metallic Mineral 40 Financial Services

Manufacturing, nec. 36 Publishing
22 Furniture, Other Manufacturing 45 Research and Development
21 Other Transport Equipment 50 Other Services, Households

Pharmaceuticals 44 Business Services
12 Pharmaceuticals 48 Education

Chemicals 38 Telecommunications
11 Chemicals 34 Postal and Courier

Electricity, Water, Gas 41 Insurance
25 Sewerage, Waste 43 Legal and Accounting

39 Computer, Information Services
Note: The sectors written in bold indicate the broad categories each WIOD sector belongs to.
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Table A4: Concordance WIOD Sectors - ISIC Rev. 4

WIOD ISIC Rev. 4 WIOD ISIC Rev. 4

ID Description ID Description

1 Crops & Animals A01 26 Construction F
2 Forestry & Logging A02 27 Trade & Repair of Motor Vehicles G45
3 Fishing & Aquaculture A03 28 Wholesale Trade G46
4 Mining & Quarrying B 29 Retail Trade G47
5 Food, Beverages & Tabacco C10-C12 30 Land Transport H49
6 Textiles, Apparel,Leather C13-C15 31 Water Transport H50
7 Wood & Cork C16 32 Air Transport H51
8 Paper C17 33 Aux. Transportation Services H52
9 Recorded Media Reproduction C18 34 Postal and Courier H53
10 Coke, Refined Petroleum C19 35 Accommodation and Food I
11 Chemicals C20 36 Publishing J58
12 Pharmaceuticals C21 37 Media Services J59_J60
13 Rubber & Plastics C22 38 Telecommunications J61
14 Other non-Metallic Mineral C23 39 Computer & Information Services J62_J63
15 Basic Metals C24 40 Financial Services K64
16 Fabricated Metal C25 41 Insurance K65_K66
17 Electronics & Optical Products C26 42 Real Estate L68
18 Electrical Equipment C27 43 Legal and Accounting M69_M70
19 Machinery & Equipment C28,C33 44 Business Services M71,M73-M75
20 Motor Vehicles C29 45 Research and Development M72
21 Other Transport Equipment C30 46 Admin. & Support Services N
22 Furniture & Other Manufacturing C31_C32 47 Public & Social Services O84
23 Electricity & Gas D35 48 Education P85
24 Water Supply E36 49 Human Health and Social Work Q
25 Sewerage & Waste E37-E39 50 Other Services, Households R-U
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The spread of COVID-19 and implementation of “social distancing” policies 
around the world have raised the question of how many jobs can be done at 
home. This paper uses skills surveys from 53 countries at varying levels of 
economic development to estimate jobs’ amenability to working from home. 
The paper considers jobs’ characteristics and uses internet access at home 
as an important determinant of working from home. The findings indicate 
that the amenability of jobs to working from home increases with the level of 
economic development of the country. This is driven by jobs in poor countries 
being more intensive in physical/manual tasks, using less information 
and communications technology, and having poorer internet connectivity 
at home. Women, college graduates, and salaried and formal workers have 
jobs that are more amenable to working from home than the average worker. 
The opposite holds for workers in hotels and restaurants, construction, 
agriculture, and commerce. The paper finds that the crisis may exacerbate 
inequities between and within countries. It also finds that occupations 
explain less than half of the variability in the working-from-home indexes 
within countries, which highlights the importance of using individual-level 
data to assess jobs’ amenability to working from home.

1 The findings, interpretations, and conclusions in this paper are entirely those of the authors. They do not 
necessarily represent the view of the World Bank Group, its Executive Directors, or the countries they represent. 
The empirical results for the Middle East and North Africa region are part of a background paper for the report 
“Economic Transformation and Jobs: Making markets work for people in the MENA region” of the World Bank 
MNA Chief Economist Office.
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1. Introduction 

The spread of COVID-19 and the implementation of “social distancing” policies around the world have 

raised the question of how many jobs can be done at home. Most of the existing efforts to estimate these 

figures rely on US-based measures of the type of tasks required by different occupations (Dingel & Neiman, 

2020a; Avdiu & Nayyar, 2020; Mongey, Pilossoph, & Weinberg, 2020; Leibovici, Santacreu, & Famiglietti, 

2020).1 However, the task content of jobs exhibits substantial variation across countries (Lo Bello, Sanchez-

Puerta, & Winkler, 2019; Hardy, Lewandowski, Park, & Yang, 2018). Differences in the organization of 

production or in the level of technology adoption across countries imply that the same occupation may be 

more intensive in face-to-face interactions or in physical tasks in poorer economies. As a result, using US-

based measures to estimate the amenability to working from home (WFH) in developing countries may lead to 

biased conclusions.  

To overcome this challenge, this paper uses skill and household surveys from 53 countries at different levels 

of economic development with rich information on the type of tasks carried out by people at work. We 

estimate indexes of the task content of jobs to rank them by their vulnerability to social distancing measures 

according to their amenability to a remote setup. In addition, given that the task data vary at the individual-

level—and not by occupation, as in the Occupational Information Network (O*NET) classification—we 

show how the likelihood of being able to work from home correlates with other characteristics of the 

individual and his or her job.  

We build on the literature by estimating jobs’ amenability to WFH, as opposed to estimating the fraction of 

jobs that can be done at home. Estimating the latter is challenging since choosing the tasks that determine 

whether a person can work from home is largely arbitrary, specifically if one does not have a model linking 

such tasks to the probability of WFH during a pandemic. Dingel & Neiman (2020b) and Saltiel (2020) 

consider that an occupation cannot be performed from home if at least one of several conditions holds. For 

instance, in the Dingel & Neiman (2020b) study, some of categories that are sufficient to consider that an 

occupation cannot be done at home include “Performing for or Working Directly with the Public is very 

important”, “Handling and Moving Objects is very important” or “Repairing and Maintaining Electronic 

Equipment is very important.” However, occupational requirements can change during exceptional 

conditions. For example, while for professionals in communications or in law it is very important to have 

contact with the public, they can still carry out some (but not all) of their tasks using ICT (Information and 

Communication Technologies); craft workers for whom handling and moving objects is crucial may still be 

able to sell their products through e-commerce; individuals repairing equipment can still work on portable 

objects at home, to name a few examples. More generally, occupations comprise a bundle of tasks, and while 

 
1 An exception is Saltiel (2020), who uses STEP surveys. 
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it may be optimal to work at a specific location and in face-to-face (F2F) contact with the public or co-workers, 

suboptimal work arrangements are also feasible for some occupations, particularly during a pandemic.2  

Another caveat of using criteria where at least one sufficient condition has to be satisfied to categorize jobs is 

that it is not clear how to choose the number of conditions to consider when several alternatives are available. 

If only one condition needs to be satisfied to classify an occupation as not being able to be done at home, 

then the more conditions that the researcher adds to the list, the higher are the chances that at least one of 

them will be satisfied by a given job. For example, one of the data sets used in this paper includes a battery of 

questions to measure F2F contact. Two of these questions are “How often does your job usually involve 

sharing work-related information with co-workers?” and “How often does your job usually involve 

instructing, training or teaching people, individually or in groups?” A priori, both are valid proxy variables for 

F2F work, but while almost 100 percent of people respond “very often” to the first question in most 

countries, there is substantially more variation in the responses to the latter. More generally, the more 

questions we consider to measure F2F, the higher the fraction of workers that would be classified as having 

an F2F-intensive job. Discarding questions and data based on this empirical observation is somewhat 

arbitrary.  

There are two studies that are exceptions to the one-sufficient-condition criteria. Mongey et al. (2020) 

construct WFH and physical proximity measures for the United States using O*NET data. For the WFH 

measure, they use the same set of task variables as Dingel & Neiman (2020a, 2020b), but instead of defining 

binary indicators, they allow both the WFH and physical proximity measures to vary between 0 and 1. 

Leibovici, Santacreu, & Famiglietti (2020) construct a contact-intensity measure for the United States using 

occupation-level information from O*NET and aggregating the possible scores for the question about 

performing tasks in close physical proximity to other people. The final measure can take a value from 0 to 

100. 

To measure jobs’ amenability to WFH, we exploit all the variables available in the data that describe job tasks 

related to home-based work. Instead of using a criterion based on satisfying at least one sufficient condition 

to classify occupations, we argue that the more (less) the conditions that are satisfied, the lower (higher) the 

amenability of a given job to be carried out at home. For example, according to our criteria, a job that satisfies 

three conditions would be less amenable to home-based-work than one that satisfies only one or two of those 

conditions. Accordingly, we also exploit categorical variables describing the intensity of different tasks, 

instead of transforming them into binary outcomes. While this approach still relies on the assumption that all 

 
2 As a robustness check, we construct an index following a methodology more similar to that of Dingel and Neiman 
(2020a, 2020b) and Saltiel (2020) where only one condition needs to be satisfied in order for a job not to be amenable to 
WFH and find that it is highly correlated with our WFH measures (see Figure A 3).  
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characteristics related to the probability of working from home have the same weight, it exploits more 

information than a binary approach.  

We use four groups of tasks to assess jobs’ amenability to WFH. First, we use measures of physical intensity 

and manual work to capture tasks that are more likely to be location-specific—because they require handling 

large items or use specific equipment, for example—and cannot be done at home. Second, we use measures 

of F2F-intensive tasks such as those that involve supervision or contact with the public. Third, we create an 

index of ICT use at work, to reflect the fact that while some jobs may require substantial F2F intensity, some 

of such tasks can be carried out using ICT and do not necessarily have to be done in-person. Finally, and in 

contrast to existing studies, we also exploit information on having an internet connection at home as an 

important factor to determine the likelihood of a remote setup. This is important since workers in developing 

countries who may use ICT and have internet connectivity at the workplace, do not necessarily have access to 

the same resources at home. Another reason why we estimate the amenability—and not the fraction—of jobs 

that can be performed remotely for such a large set of countries is that several of the surveys were collected 

circa 2012, when internet connectivity was significantly lower than today. However, under the assumption 

that relative connectivity across countries or types of workers remained stable, our estimates can still be used 

to compare the WFH measures across these categories.3 

We find that the social distancing measures associated with COVID-19 may exacerbate the jobs divide that 

preceded the crisis. The jobs intensive in tasks that are amenable to WFH are more prevalent in richer 

countries, and among workers with high levels of education, in salaried employment and with access to social 

insurance. Low-income, self-employed, and informal workers are not only less likely to do their jobs when 

WFH is the only option, but also less likely to have access to income protection schemes if these are 

channeled through the existing social security infrastructure.   

Our findings highlight the importance of social protection programs to safeguard the most vulnerable during 

the crisis. Efforts to reach informal workers are crucial since they are less likely to have access to existing 

social insurance benefits, and also to additional programs launched in response to the crisis through the social 

security or tax administration infrastructures. Our results also show the importance of fostering technology 

adoption to protect jobs while respecting social distancing measures. To a large extent, the between and 

within country divide in WFH amenability is driven by unequal access to ICT. These benefits of digital 

technologies should be considered by governments in developing countries when investing in broadband 

infrastructure. 

 
3 In fact, the coefficient of correlation between the share of internet users by country in 2012 vs 2017 is 0.94 (own 
estimates based on data from World Development Indicators, WDI). 
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Finally, it is important to mention that this paper does not consider the role of essential sectors or workers 

(whose jobs are not affected by social distancing measures) since there is substantial heterogeneity in these 

policies between and within countries that cannot be fully accounted for in this paper.4 Our individual-level 

measures of WFH amenability, however, can be used to assess the potential impacts of essential work 

policies.  

The rest of this paper is structured as follows. Section 2 describes the data and the main features of the 

methodology. Section 3 describes the results and Section 4 concludes. The paper includes an Appendix with 

more detailed information on the methodology, and the estimated indexes by detailed socioeconomic group 

and country. 

 

2. Data 

We use three data sets covering 53 countries at different levels of development to estimate our WFH measure 

(see Table 1). First, we use the Surveys of Adult Skills of PIAAC (Programme for the International 

Assessment of Adult Competencies) for 35 countries. This survey collects information about working-age 

individuals and covers both rural and urban areas. Second, we use the STEP (Skills Towards Employability 

and Productivity) surveys for 15 developing countries.5 The surveys are representative of urban areas (except 

Sri Lanka and the Lao People’s Democratic Republic, which included both urban and rural areas) and collect 

information about working-age individuals. Finally, we use the Labor Market Panel Surveys (LMPS) for three 

countries in the Middle East and North Africa (MENA) region, namely the Arab Republic of Egypt, Jordan 

and Tunisia. These are standard labor force surveys that, in addition to the typical labor market information, 

also collect data about specific tasks carried out at work. Our final sample for all three data sets includes 

employed individuals ages 16 to 64 years. 

  

 
4  Garrote Sanchez, Gomez Parra, Ozden, & Rijkers (2020) consider the role of essential workers in their assessment of 
WFH measures in the European Union.  
5 We exclude China since the data are only representative of Yunnan province. There is no STEP survey for El Salvador, 
thereby we use instead a skills survey that includes a similar questionnaire. 
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Table 1. List of skills surveys 

Dataset Countries Year 

PIAAC 

Austria, Belgium (Flanders), Canada, Czech Republic, Denmark, 
Estonia, Finland, France, Germany, Ireland, Italy, Japan, Korea, 
Netherlands, Norway, Poland, Russian Federation, Slovak Republic, 
Spain, Sweden, United Kingdom (England and Northern Ireland), 
United States  

2011/2012 

  
Chile, Greece, Israel, Lithuania, New Zealand, 
Singapore, Slovenia, Turkey 

2014/2015 

  Ecuador, Hungary, Kazakhstan, Mexico, Peru 2017 

STEP Bolivia, Colombia, Lao PDR, Sri Lanka, Vietnam 2012 

  
Armenia, El Salvador, Georgia, Ghana, Kenya, North Macedonia, 
Ukraine 

2013 

  Serbia 2015/2016 

  Kosovo, Philippines 2015 

LMPS Tunisia 2014 

  Jordan 2016 

  Egypt 2018 

 

Table 2 shows the types of tasks used to estimate the WFH index, Appendix 1 describes the rationale for 

choosing these tasks, and Table A 1 in Appendix 2 shows the complete list of variables. Such variables are 

slightly different across the three data sets. For example, while STEP has information on whether the job 

requires contact with customers, such information is not collected in the LMPS for Jordan and Tunisia. 

Thereby, while the indexes can be compared across countries within the STEP, PIAAC and LMPS data sets, 

comparisons are not possible across them. 
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Table 2. Description of the task indexes 

Task index Tasks 

a)     Physical and manual  Job is physically intensive 

(a higher value indicates more 
physical/manual intensity) 

Repairing equipment 

  Operating heavy machinery 

b)     Face-to-Face (F2F) Supervising others 

(a higher value indicates more 
F2F intensity) 

Contact with customers, public, students 

c)      Low ICT use at work Low or no computer use at work 

(a higher value indicates lower 
ICT use at work) 

Low or no cell phone use at work 

d)     Low ICT at home No internet connection at home 

(based on a dummy variable equal 
to one if the home has no 
internet connection) 

  

e)      WFH 
Combination of Physical/Manual, F2F, Low ICT use 

at work, multiplied by -1  (a higher value indicated higher 
WFH amenability) 

f)       WFH adjusted 
Combination of Physical/Manual, F2F, Low ICT use 

at work, Low ICT at home, multiplied by -1 (a higher value indicated higher 
WFH amenability) 

 

3. Results 

3.1 Cross-country results 

Figure 1 shows the correlation between the physical/manual and F2F task indexes and GDP per capita. The 

magnitude of the indexes is equivalent to the number of standard deviations above/below the average worker 

among all the countries in the sample. For example, a physical/manual index equal to 0.45 in the case of 

Turkey (Figure 1, panel (a)) means that jobs in Turkey are on average 0.45 standard deviations above that of 

the average worker among PIAAC countries in terms of physical/manual intensity. Richer countries have 

jobs less intensive in physical/manual skills (Figure 1, panels (a) and (c)). This factor would tend to reduce the 

amenability of jobs to be done at home disproportionately among poorer countries, given that their jobs 

would tend to be more location or equipment-specific according to this measure. In contrast, the intensity of 

jobs in F2F tasks tends to increase with economic development (Figure 1, panels (b) and (d)). This is driven 

by jobs intensive in non-routine interpersonal tasks, whose duties require more supervision or contact with 

the public.  
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Figure 1. Physical/Manual and F2F intensity, by GDP per capita 

(a) Physical/Manual Intensity vs. GDP (PIAAC) 

 

(b) F2F Intensity vs. GDP (PIAAC) 

 

(c)  Physical/Manual Intensity vs. GDP (STEP) 

 

(d) F2F Intensity vs. GDP (STEP) 

 

Note: The vertical axis measures the corresponding task index, in standard deviations from the mean for all PIAAC/STEP countries. GDP per capita 

PPP comes from the World Development Indicators (WDI) and corresponds to the same year of the respective PIAAC and STEP surveys. 

 

The fact that the intensity of jobs on physical/manual tasks tends to decline with economic development, and 

that the intensity on F2F tasks shows the opposite pattern suggests that two opposing forces are at play when 

shaping the relationship between WFH measures and GDP per capita. However, F2F occupations also tend 

to be more intensive in ICT use. As seen in Figure 2, countries such as Singapore or the United States that 

have jobs more intensive in F2F tasks also use more ICT at work than countries such as Lithuania or 

Kazakhstan. That is, several of the tasks embedded in such occupations are more prone to be performed 

remotely. In other words, ICT use at work would tend to weaken the effect of F2F intensity on WFH 

measures. This correlation between F2F tasks and ICT use at work can also be observed within countries (see 

Figure A 1 in Appendix 2). 
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Figure 2. ICT use and F2F intensity across countries 

(a) PIAAC surveys 

 

(b) STEP surveys 

 

Note: The vertical axis measures the Low ICT use index (a higher value means lower ICT use at work), while the horizontal axis measures F2F contact 

index (a higher value means more intense F2F contact). Both indexes in standard deviations from the mean for all PIAAC/STEP countries. 
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Figure 3 illustrates the importance of distinguishing between ICT use at work and the availability of an 

internet connection at home. While both variables are highly correlated—i.e. countries where people use 

more ICT at work also have higher internet connectivity at home—there are some differences, particularly 

among less developed countries.6 For instance, Peru, Mexico and Ecuador are closer to the average with 

respect to ICT use at work, but are lagging more with respect to internet access at home. Accordingly, while 

the Philippines ranks relatively high in terms of ICT use at work, it has relatively low levels of internet 

connectivity at home (Figure 3 (b)). Thereby, while their jobs could be amenable to telecommuting based on 

a tasks approach, poor internet connectivity implies that many workers may not be able to do their jobs at 

home. 

  

 
6 While El Salvador stands out as an outlier, this could be driven by the fact that the variable to measure internet access 
at home is not available in its STEP survey so we use a different approach, combining two questions on having a 
computer and fixed telephone access at home. 
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Figure 3. ICT use at work and at home 

(a) PIAAC surveys 

 

(b) STEP surveys 

 

Note: The vertical axis measures the Low ICT use index (a higher value means lower ICT use at work), while the horizontal axis measures the Low 

ICT at home index (a higher value means poorer internet access at home). The variable to measure internet connectivity at home is not available for El 

Salvador, thereby we use a different approach for this country. We consider that households have internet access at home if they have a computer and 

fixed telephone access. 

 

When combining the four indexes, we find substantial cross-country variation in the amenability of jobs to 

working from home. As seen in Figure 4, the most vulnerable countries in the PIAAC sample are Turkey and 

those from the LAC region. In the STEP sample, countries from the ECA region have jobs more amenable 

to working from home, while the opposite is true for Sri Lanka, Lao PDR, and Ghana. In contrast to Dingel 

& Neiman (2020a), we find that the United States ranks lower than most OECD countries in terms of its 

jobs’ amenability to working from home. Our findings are consistent with Hardy et al. (2018), who use the 

PIAAC surveys and find that the United States has more jobs that are more manually intensive than most 

other countries.  
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Figure 4. WFH amenability index across countries. 

(a) PIAAC surveys 

 

(b) STEP surveys 

 

Note: Each bar shows the number of standard deviations below/above the mean. A higher value indicates a greater amenability of jobs to working 

from home. The magnitude of the estimates is not comparable between the PIAAC and STEP datasets. 

 

The difference between our results and those of  Dingel & Neiman (2020a) seems to be driven by the fact 

that while the United States has a higher share of jobs in occupations that are more amenable to working 

from home than other countries, the tasks associated with these occupations are different across countries 

and tend to be less favorable to working from home in the United States.  Figure A 2 in Appendix 2 

illustrates this issue using Norway, the United States and Spain as examples. The United States has 61 percent 

of its jobs in the four occupational categories that are more amenable to WFH, a figure higher than for 

Norway (55 percent) and Spain (59 percent). If we imputed the US WFH measures to each occupation of 

these other two countries (as in Dingel & Neiman, 2020a), we would conclude that jobs are more amenable 

to WFH in the United States. However, when comparing the same occupations across countries, we find that 

most occupations in the United States are less amenable to WFH than in Norway and Spain. For example, the 

US WFH index for technicians is far lower than that for Norway and Spain. In other words, these findings 

illustrate the importance of using measures of tasks that vary across occupations and countries, since 

occupations are not associated with the same tasks in different economies.  
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Our findings also shed light on the importance of using task measures that vary at the individual level instead 

of at the occupation level. A simple decomposition shows that less than half of the variation in the WFH 

index is explained by variation between 4-digit ISCO occupations (see Table A 2 in the appendix). Most of 

the variation in the tasks related to WFH takes place within narrowly defined occupations.  

The correlation between economic development and the amenability of jobs to working from home is 

positive within the PIAAC and STEP datasets. When we also consider the availability of internet access at 

home, the relative ranking of countries does not change significantly. That is, poorer countries have a lower 

share of jobs that are amenable to be done at home (Figure 5). For example, the Netherlands is 0.38 standard 

deviations above the average PIAAC country in terms of its jobs’ amenability to working from home, while 

Ecuador and Turkey are 0.65 and 0.5 standard deviations below the average, respectively. In the PIAAC 

sample, other countries whose jobs are also more amenable to WFH are Belgium and the Nordic countries. 

In contrast, Peru, Mexico, and Chile have jobs that are more vulnerable in this regard. The correlation 

between GDP per capita and the WFH measure is negative for the LMPS countries, as Jordan ranks higher in 

terms of WFH amenability despite having a lower level of GDP per capita. However, this may be explained 

by Jordan having higher internet penetration than Egypt and Tunisia.7 

 

 

 

 

  

 
7 According to data from the World Development Indicators, the share of internet users in the corresponding survey 
year was 62.3 percent in Jordan, and 46.9 and 46.1 in Egypt and Tunisia, respectively. 
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Figure 5. WFH amenability and GDP per capita 

(a) PIAAC surveys 

 

(b) STEP surveys 

 

(c) LMPS 

 

 

 

Note: The vertical axis measures the corresponding task index, in standard deviations from the mean of the (A) PIAAC, (B) STEP and (C) LMPS 

samples. A higher value indicates that jobs are more amenable to WFH. 

 

3.2 Within-country findings 

There are large disparities in terms of jobs’ amenability to working from home within countries. Figure 6 

shows differences with respect to the average worker for the whole PIAAC, STEP and LMPS data sets.8 

Across most countries, women are more likely to have jobs more amenable to WFH. This is because they are 

less likely to have jobs intensive in physical/manual work than men. Educational attainment is strongly linked 

 
8 Tables showing country-level findings are available in the Online Appendix 
(http://www.hernanwinkler.com/uploads/5/5/1/1/5511764/appendix_jobs_amenability_to_wfh_v13.xlsx). 
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to WFH amenability, since college graduates in all 53 countries have jobs more amenable to WFH than their 

less educated peers.  

Older workers are less likely to have jobs’ amenable to WFH in most countries, and this is due to a 

combination of counteracting forces. On the one hand, the F2F intensity increases and ICT use declines with 

age, which tends to reduce older workers’ jobs amenability to WFH. On the other hand, the physical/manual 

intensity declines with age, making jobs of older workers more amenable to WFH. However, the latter is not 

strong enough to counteract the role of F2F and ICT tasks for older workers. 

Self-employment is associated with lower amenability to WFH in most countries. Their jobs require more 

physical/manual intensity and require more F2F interaction. On the other hand, they are more likely to use 

ICT at work than salaried workers, but this factor does not affect their WFH measure to a large extent.   

Workers with a formal job—either because they have a contract (PIAAC) or social security contributions 

(STEP and LMPS)—are more likely to have jobs amenable to WFH than their informal counterparts. This is 

because informal workers have more physical/manual intensive jobs and lower ICT use at work. This is 

important because informal workers are less likely to be protected against important risks. For example, 

subsidies and other forms of assistance during the COVID-19 crisis are easier to implement when using the 

social insurance infrastructure, which often only includes formal workers. 
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Figure 6. WFH (adjusted for home internet access), by individual characteristics. 

(A) PIAAC 

 

(B) STEP 

 

(C) LMPS 
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Note: The vertical axis measures the WFH index adjusted by internet access at home, in standard deviations from the mean of the (A) PIAAC, (B) 

STEP and (C) LMPS samples. A higher value indicates that jobs are more amenable to WFH. 

The sectors that emerge as more amenable to WFH tend to be the same across most countries in the PIAAC 

and LMPS data sets. These sectors include ICT, professional services, the public sector, and finance (Figure 

7). In contrast, jobs in hotels and restaurants, agriculture, construction, and commerce are the least amenable 

to WFH. 

 

Figure 7. WFH index by sector of economic activity, PIAAC sample 

 

Note: The vertical axis measures the WFH index adjusted by internet access at home, in standard deviations from the mean of the PIAAC sample. A 

higher value indicates that jobs are more amenable to WFH. 

 

Finally, we regress the WFH index for each data set on individual and job characteristics and confirm that 

even after controlling for observable characteristics, women, college graduates and salaried workers are more 

likely to have jobs amenable to WFH than men, lower educated, and self-employed workers (Table 3).9 

 
9 Tables showing country-level findings are available in the Online Appendix 
(http://www.hernanwinkler.com/uploads/5/5/1/1/5511764/appendix_jobs_amenability_to_wfh_v13.xlsx). 
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Differences in educational attainment predict large gaps in WFH measures: the jobs of college graduates are 

0.70 standard deviation more amenable to WFH than those of their less educated counterparts in the PIAAC 

sample. That figure for the MNA region is 0.61. In all three samples, workers aged 25 and older have jobs less 

amenable to WFH than those 24 years or younger. In PIAAC countries, the relationship between amenability 

to WFH and age has an inverted U-shaped pattern, where those aged 25 to 34 years have the jobs most 

amenable to WFH, while those younger than 25 and older than 55 are at the opposite end. Among countries 

in the STEP and LMPS data sets, workers in the youngest age bracket have the jobs most amenable to WFH, 

but there are little differences by age among those aged 25 to 65. 

 

Table 3. OLS regression of the WFH index (adjusted for home internet access) 

  PIAAC STEP LMPS 
  
Women 0.0611 0.282 0.38 
  [0.00613]*** [0.0118] *** [0.0167]*** 
College education 0.702 0.429 0.615 
  [0.00642]*** [0.0136] *** [0.0173]*** 
25-34 0.305 -0.117 -0.0788 
  [0.0141]*** [0.0182] *** [0.0213]*** 
35-44 0.302 -0.146 -0.144 
  [0.0121]*** [0.0190] *** [0.0215]*** 
45-54 0.224 -0.157 -0.162 
  [0.0119]*** [0.0196] *** [0.0229]*** 
55-65 0.0747 -0.138 -0.139 
  [0.0122]*** [0.0232] *** [0.0292]*** 
Wage employee 0.204 0.117 0.0471 
  [0.00870]*** [0.0138] *** [0.0155]*** 
Constant -1.045 -0.220 -0.297 
  [0.0264]*** [0.0192] *** [0.0240]*** 
       
Observations 138,954 20,259 22,088 
R-squared 0.21 0.320 0.148 

 

Notes: All models include country fixed effects. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1 

4. Concluding Remarks 

This paper provides new evidence on which countries and types of workers have jobs that are less amenable 

to working from home. Using data from 53 countries on the types of tasks that each person does at work—as 
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opposed to occupation-level measures from the United States—it finds that poorer countries and workers 

who are male, with lower levels of education, self-employed, and with informal jobs are more vulnerable to 

social distancing policies, since the nature of their jobs makes them less amenable to working from home. 

These findings highlight the importance of income protection policies for workers who are not in the formal 

sector and thereby are less likely to be reached by social protection programs channeled through formal 

mechanisms. At the same time, it highlights the importance of accelerating ICT adoption to facilitate home-

based work when working on-location is not an option. Finally, it shows that using individual information on 

the tasks that people do at work is important, since occupations capture only half or less of the types of tasks 

that workers do on-the-job. 
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Appendix 1. Measuring the amenability of jobs to working from home 

If data constraints did not exist, we argue that the probability that a job can be done at home during the 

COVID-19 can be modeled as: 

Pr(𝑊𝐹𝐻 = 1) = 𝐹(𝑥, 𝑧, 𝜀)          

Where 𝑊𝐹𝐻 is a dummy variable equal to 1 if the job cannot be done at home, and zero otherwise; 𝑥 and 𝑧 

are vectors of observable and unobservable variables summarizing characteristics of the job, and 𝜀 is a 

random term. The observable characteristics of the job may include the extent to which it requires special 

equipment, supervision of others, etc. Unobservable characteristics include whether the job is considered 

essential by local authorities, whether the employer can financially support remote operations, etc. These 

variables can be summarized in a latent variable 𝑦∗: 

𝑦∗ =  𝑥′𝛽 + 𝑧′𝛾 + 𝜀 

Where 

𝑊𝐹𝐻 = 1 if 𝑦∗ > 0, 

𝑊𝐹𝐻 = 0 if 𝑦∗ ≤ 0, 

The vectors of parameters 𝛽 and 𝛾 can be thought of as weights. For example, lifting heavy items at work 

may be a more important factor to determine the probability to 𝑊𝐹𝐻 than having to repair equipment. 

If we observed 𝑊𝐹𝐻 during the COVID-19 crisis and had information on the job’s characteristics 𝑥 before 

the crisis, the vector of parameters 𝛽 could be estimated using a standard binary choice model. However, 

since data on 𝑊𝐹𝐻 are not available, we only have data on 𝑥 to rank jobs by their likelihood to be done 

remotely. Thereby, we need to make assumptions about the values of the weights 𝛽.  

We construct four indices that can be interpreted as latent variables for the probability of not working from 

home during COVID-19: 

(1) Physical/Manual: 𝑃𝐻 = 𝑓(𝑝) 

(2) Face-to-face: 𝐹2𝐹 = 𝑓(𝑓) 

(3) Low ICT use at work: 𝐿𝑜𝑤 𝐼𝐶𝑇 𝑤𝑜𝑟𝑘 = 𝑓(𝑖𝑤) 

(4) Low ICT at home: 𝐿𝑜𝑤 𝐼𝐶𝑇 ℎ𝑜𝑚𝑒 = 𝑓(𝑖ℎ) 

Where 𝑝, 𝑓, 𝑖𝑤 and 𝑖ℎ are vectors of tasks. The Physical/Manual index reflects the fact that some jobs are 

intensive in tasks that are location-specific and cannot be performed remotely. Examples include low-skilled 
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jobs in mining, cleaning or in a capital-intensive manufacturing, middle-skilled jobs in equipment repairs, and 

high-skilled jobs that require specialized equipment such as in laboratory research. The F2F index measures 

the extent to which jobs require in-person interactions, that is those where the worker must be in the same 

place as his or her co-worker(s), supervisor, subordinate, customer, public or students. 

To distinguish between face-to-face interactions that must be carried out in-person as opposed to those that 

can be done remotely, we construct a third index to reflect the fact that some of these face-to-face 

interactions can be done using Information and Communication Technologies (ICT), i.e. the low ICT at work 

index. Finally, we create a fourth index to capture the availability of an internet connection at home (low ICT 

at home index). 

The 𝑊𝐹𝐻 index is a combination of the physical/manual task index, the F2F index, the low ICT at work 

index and the low ICT at home index. The later captures the lack of internet connectivity at home. This is 

important since many workers may carry out activities that can be easily done at home, but the lack of 

connectivity could make it impossible. 

A limitation of the data is that ICT use increased dramatically since the time that several of the surveys were 

collected. Assuming that the share of ICT users remained stable is not consistent with reality, since the share 

of internet users increased by about 65 percent in low and middle-income countries since 2012, the year of 

the oldest survey of our dataset.10 Thereby, this is another reason for which is not possible to estimate the 

fraction of jobs that can be conducted currently using ICT. However, under the weaker assumption that the 

relative use of ICT across countries, types of jobs or workers remained stable over time, we provide new 

insights on what type of workers and jobs are more vulnerable to social distancing measures. 

The components of each vector, for each dataset, are listed in Table A 1. We first standardize each variable 

within each vector with mean zero and variance one. We then proceed to sum up all the variables within each 

vector and normalize the sum again to have mean zero and variance one. As mentioned above, each 

component within tasks receives the same weight. All four indexes are constructed so that higher values 

indicate a lower amenability to WFH. For example, a higher value of the physical/manual index contributes 

to reduce the amenability to WFH. 

Then, we proceed to estimate the WFH index using the standardize indexes PH, F2F, Low ICT work and 

Low ICT home. We multiply the sum of the four subindexes by -1 so that a higher value of WFH indicates a 

higher amenability to WFH. Each of these four components are also given equal weights. That is, an increase 

in one standard deviation in either of the four tasks measures has the same impact on the WFH index. All the 

 
10 According to data from the World Development Indicators (WDI), the share of internet users in low and middle 
income countries increased from 26 to 43 percentage points between 2010 and 2017 
(https://data.worldbank.org/indicator/IT.NET.USER.ZS?locations=XO).  
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standardizations are done within the PIAAC, STEP and LPMS datasets, by pooling the surveys for all the 

countries, to allow for cross-country comparisons. 
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Appendix 2. Additional tables and figures  

Table A 1. Variables capturing tasks for each dataset 

A. PIAAC Surveys 

 Task Index Variables Type of variable 

Physical & 
Manual index 

How often does your job usually involve working physically for a long period? Frequency 

How often does your job usually involve using skill or accuracy with your hands or fingers? Frequency 

Face-to-face 
index 

How often does your job usually involve sharing work-related information with co-workers? Frequency 

How often does your job usually involve instructing, training or teaching people, individually or in 
groups? 

Frequency 

How often does your job usually involve making speeches or giving presentations in front of five or 
more people? 

Frequency 

How often does your job usually involve selling a product or selling a service? Frequency 

How often does your job usually involve advising people? Frequency 

How often does your job usually involve persuading or influencing people? Frequency 

How often does your job usually involve negotiating with people either inside or outside your firm or 
organisation? 

Frequency 

Low ICT at work 
index 

Do you use a computer in your job? This includes cellphones and other hand-held electronic devices 
that are used to connect to the internet, check e-mails etc. 

Yes/No 

In your job, how often do you usually use email? Frequency 

In your job, how often do you usually use the internet in order to better understand issues related to 
your work? 

Frequency 

In your job, how often do you usually conduct transactions on the internet, for example buying or 
selling products or services, or banking? 

Frequency 

In your job, how often do you usually use spreadsheet software, for example Excel? Frequency 

In your job, how often do you usually use a word processor, for example Word? Frequency 

In your job, how often do you usually use a programming language to program or write computer code? Frequency 

In your job, how often do you usually participate in real-time discussions on the internet, for example 
online conferences, or chat groups? 

Frequency 

Low ICT at 
home index 

In everyday life, how often do you usually use email?  Frequency 

In everyday life, how often do you usually use the internet in order to better understand issues related 
to, for example, your health or illnesses, financial matters, or environmental issues? 

Frequency 

In everyday life, how often do you usually Conduct transactions on the internet, for example buying or 
selling products or services, or banking? 

Frequency 

In everyday life, how often do you participate in real-time discussions on the internet, for example 
online conferences or chat groups? 

Frequency 

In everyday life, how often do you use spreadsheet software, for example Excel? Frequency 

In everyday life, how often do you use a word processor, for example Word? Frequency 

In everyday life, how often do you use a programming language to program or write computer code? Frequency 

WFH adjusted 
index  

Physical & Manual index   

Face-to-face index   

Low ICT at work index   

Low ICT at home index 
  

(multiplied by -1) 

Note: PIAAC surveys also collect information on whether a person manage or supervise other workers and about the proportion of 

time cooperating or collaborating with coworkers. The supervision variable only applies to self-employed people. The 

cooperation/collaboration variable has several missing values in all countries. We decided not to include any of these two variables in 

the F2F index.  
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B. STEP Surveys 

 Task Index Variables Type of variable 

Physical & 
Manual index 

As part of this work do you regularly have to lift or pull anything weighing at least 50 lbs? Yes/No 

What number would you use to rate how physically demanding your work is? Frequency 

As part of this work do you repair / maintain electronic equipment?  Yes/No 

As part of this work do you operate or work with any heavy machines or industrial 
equipment? 

Yes/No 

Face-to-face 
index 

As part of this work, do you have any contact with people other than co-workers, for 
example with customers, clients, students, or the public? 

Yes/No 

As a normal part of this work do you direct and check the work of other workers 
(supervise)? 

Yes/No 

Using any number from 1 to 10, where 1 is little involvement or short routine 
involvements, and 10 means much of the work involves meeting or interacting for at least 
10-15 minutes at a time with a customer, client, student or the public, what number 
would you use to rate this work?  

Frequency 

Low ICT at 
work index 

As part of this work do you (did you) regularly use a telephone, mobile phone, pager or 
other communication device? 

Yes/No 

As part of your work do you(did you) use a computer? Yes/No 

How often do you (did you) use a computer at work? Frequency 

Low ICT at 
home index 

Does anybody in the household own (in working condition) any internet 
connection/internet access? 

Yes/No (all 
countries except EL 
Salvador) 

Does anybody in the household own (in working condition) a computer? 
Yes/No (El 
Salvador) 

Does anybody in the household own (in working condition) a fixed telephone line?  
Yes/No (El 
Salvador) 

WFH 
adjusted 
index 

Physical & Manual index   

Face-to-face index   

Low ICT at work index   

Low ICT at home index   

(multiplied by -1)   
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C. LMPS 

 Task Index Variables Type of variable 

Physical & Manual 
index 

Are you exposed to bending for a long time? Yes/No 

Does your job require physical fitness? Yes/No 

Is the individual engaged in a craft-related job? Yes/No 

Face-to-face index Does your job require supervising others?  Yes/No 

Low ICT at work 
index 

Do you use a computer in your work? Yes/No 

If so, is this computer connected to the internet? Yes/No 

Low ICT at home 
index 

Do you have access to internet at home? Yes/No 

Does your family have internet connection? Yes/No 

Does your family own a wireless internet router? Yes/No 

WFH adjusted index  

Physical & Manual index   

Face-to-face index   

Low ICT at work index   

Low ICT at home index   

(multiplied by -1)   
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Table A 2. Between-within occupations variance decomposition of task indexes 

  Peru UK 

Physical-manual     

Explained variance 1098.1 2470.79 

Unexplained variance 3192.94 3103.47 

Total 4291.04 5574.27 

Explained % 26% 44% 

Unexplained % 74% 56% 

ICT Reverse     

Explained variance 3165.28 1723.52 

Unexplained variance 2922.33 2241.61 

Total 6087.61 3965.13 

Explained % 52% 43% 

Unexplained % 48% 57% 

Face-to-face     

Explained variance 1947.61 1854.37 

Unexplained variance 3080.34 3175.28 

Total 5027.95 5029.65 

Explained % 39% 37% 

Unexplained % 61% 63% 

Work-from-home     

Explained variance 2187.99 2191.44 

Unexplained variance 3246.55 2636.51 

Total 5434.54 4827.94 

Explained % 40% 45% 

Unexplained % 60% 55% 

 

Note: Estimated using an OLS regression of each task index on a set of 4-digit ISCO dummy variables. The Between-occupations component is the 

share explained by the model, while the Within-occupations component is the unexplained variance (the residuals). 
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Figure A 1. F2F intensity and ICT use at work, variation across occupations and countries 

 

Note: PIAAC sample. Each bubble shows the average F2F and Low ICT use at work index for each 1-digit ISCO occupation and country. The size of 

the bubble is proportional to the employment share of each occupation in the country. The task indexes are residuals of a regression on country fixed 

effects, to net out average cross-country differences. 
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Figure A 2. WFH index and occupational shares in Norway, US and Spain  

(a) WFH index by occupation 

 
 

(b) Occupation structure (% of total employment) 
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Figure A 3. Correlation with Dingel and Neiman-like measures 

(a) PIAAC Surveys 

 

(b) STEP surveys 

 
Note: The vertical axis measures the share of jobs that can be done from home, following a methodology similar to Dingel & Neiman (2020a, 2020b). 

We restrict the set of task variables to those closer to the ones used by Dingel & Neiman (2020b). For the PIAAC sample, we define a job as unable to 

be done from home if at least one of the following conditions is met: (i) the job requires working physically for a long period at least once a week, (ii) 

the frequency of email use is less than once a month, (iii) the job involves selling products or services at least once a week. Using this definition, we 

obtained values very close to those reported by Dingel & Neiman (2020a) in Figure 2. For the STEP sample, we use the calculations obtained by Saltiel 

(2020).  
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Covid: Not a great equaliser1

Vincenzo Galasso2

Date submitted: 10 May 2020; Date accepted: 11 May 2020

Coronavirus has been portrayed as the “great equalizer”. None seems 
immune to the virus and to the economic consequences of the lockdown 
measures imposed to contain its diffusion. We exploit novel data from 
two real time surveys to study the early impact on the labor market 
of the lockdown in Italy – one of the two countries, with China, hit 
hard and early. COVID was not a “great economic equalizer.” Quite 
on the contrary. Low-educated workers, blue collars and low-income 
service workers were more likely to have stopped working both three-
week and six-week after the lockdown. Low-educated workers were 
less likely to work from home. Blue collars worked more from their 
regular workplace, but not from home. Low-income service workers 
were instead less likely to work from the regular workplace. For 
both blue collars and low-income service workers, the monthly labor 
income dropped already in March. Not surprisingly, they were less in 
agreement with the public policy measures that required the closing 
of (non-essential) business and activities. Some positive adjustments 
took place between the third and the sixth week from the lockdown: 
the share of idle workers dropped, as the proportion of individuals 
working at home and from their regular workplace increased. 
However, these adjustments benefitted mostly highly educated workers 
and white collars. Overall, low-income individuals faced worse labor 
market outcomes and suffered higher psychological costs.

1 Nicola Bariletto and Marco Lo Faso provided excellent research assistance. Financial Support from Unicredit 
Foundation is gratefully acknowledged. Survey Data from the project Attitudes on COVID-19: A comparative 
Study chaired by Sylvain Brouard and Martial Foucault (Sciences Po).

2 Department of Social and Political Sciences, Bocconi University.

Copyright: Vincenzo Galasso
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Introduction 

As none is immune to it, the coronavirus has been portrayed as the “great equalizer”2. Yet, early 
medical records have soon shown that mortality and vulnerability to COVID largely differ across 
gender and age (Zhou et al., 2020). The coronavirus takes a higher toll on men, elderly people and 
individuals with health preconditions, who are more likely to require ICU treatments and less likely 
to survive. Besides the direct harm of the coronavirus on public health worldwide, the lockdown 
measures introduced to stop the diffusion of the contagion have imposed huge economic costs 
(Baldwin and di Mauro, 2020). In many countries, several non-essential sectors of the economy have 
been shut down and put on hold for long weeks (or months), with workers remaining idle or unem-
ployed (Boeri et al., 2020, Coibion et al., 2020, Dingel and Neiman, 2020, Kore and Peto, 2020; Ban-
not et al., 2020). In same sectors, the global supply chain has been slowed down or interrupted. In 
other sectors, the strict lockdown implemented in some countries has completed collapsed the de-
mand of goods and services. None seems immune to this economic tragedy. Is the coronavirus the 
“great economic equalizer”?  

To provide an answer to this question,3 we study the early impact on the labor market of the re-
strictive measures introduced in response to the Coronavirus in Italy – one of the two countries, 
with China, hit hard and early by COVID. In less than three weeks from the first known case of coro-
navirus, on March 9th Italy moved to a complete lockdown, with only essential sectors of the econ-
omy been allowed to run.  We exploit novel data from two real time surveys conducted in Italy at 
the end of March and in mid-April – hence, three-week and six-week into the lock-down, which 
provides information on the early dynamics of the Italian labor market. The complete lockdown 
came quite abruptly – particularly in its extension to the entire national territory. Its length was set 
to 4 weeks, but a large uncertainty continued to linger on several details and its effective duration. 
Hosting the third large COVID outbreak after China and Korea, Italy had no neighboring country to 
learn from. The first wave of our survey, launched on March 27-30, allows us to analyze the very 
initial phase of the economic shock, in which workers and firms had little to time to adjust. Smart 
working from home represented the only early option. However, this was not feasible for all jobs 
and workers. In fact, while 35% of the workers moved to smart working and 18% remained in the 
workplace, 47% had to stop. With a further tightening of the restrictive measures on March 22nd, it 
become apparent that the lockdown was to last longer than the four weeks initially announced. 
More substantial adjustments had to occur in the labor market. Our second survey, fielded on April 
15-17, captures a later stage of this adjustment process. By mid-April, smart working had been 
adopted by 41% of the workers, 25% were working outside, but 34% were still idle.  

The empirical evidence from these two surveys provides a clear picture of the initial response of the 
Italian labor market to this sudden stop. COVID was not a “great economic equalizer.” Quite on the 
contrary. Low-educated workers, blue collars and low-income service workers were more likely to 
be idle both three-week and six-week after the lockdown. Low-educated workers were less likely to 
work from home. Blue collars were overrepresented among the workers remaining in their regular 
                                                           
2 In a Instagram video, the rock star Madonna called Coronavirus “the great equalizer,” since it “doesn’t care about how 
rich you are, how famous you are, how funny you are, how smart you are, where you live, how old you are, what amazing 
stories you can tell.” 
3 Some studies argued that COVID-19 will likely increase income inequality, due to a stronger negative effect on more 
vulnerable categories of individuals, such as young (Bell et al., 2020), women (Alon et., 2020), low educated (Adams-
Prassl et al., 2020), Gig economy workers (Stabile et al., 2020). 
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workplace, but almost absent among those working from home. Low-income service workers were 
instead less likely to work from the regular workplace. For both blue collars and low-income service 
workers, the monthly labor income dropped already in March. Not surprisingly, they were less in 
agreement with the public policy measures that required the closing of (non-essential) business and 
activities. Overall, low-income individuals fared worse in the labor market and suffered higher psy-
chological costs too. Future studies (a third survey will be launched in June) will further analyze the 
dynamics of this unequal labor market response to the initial shut-down induced by COVID. How-
ever, the current analyze has the opportunity to isolate the response to the initial shock, while the 
future evolution will largely depend on the timing and the magnitude of the diffusion, of the lock-
down measures and of the economic policies introduced to cope with the economic crisis. 

 

Background and Real-time Survey Data 

On March 9th, with the official count of COVID-positive individuals at 7985 and of deaths from COVID 
at 463, Italy entered into a comprehensive, nation-wide lockdown. Containment measures were 
further tightened on March 22nd, when a Prime Minister’s Decree mandated the shut-down of any 
unessential productive activity, de facto bringing to a halt a large chunk of the Italian economy. The 
aim of the lockdown was to contain the spread of the coronavirus, to limit pressure on its national 
health system and, of course, to reduce the death counts. These measures proved successful in the 
province of Hubei in China. However, the lockdown causes also economic and psychological harms 
for the restrained individuals (Brooks et al., 2020) and has large economic consequences (see Bald-
win and di Mauro, 2020, for a review). On April 14th, the IMF reported estimates of a 9.1% reduction 
in the Italian GPD for 2020, and a corresponding increase in the unemployment rate from 10.0% in 
2019 to 12.7% in 2020. 

We use real time survey data from the project REPEAT (REpresentations, PErceptions and ATtitudes 
on the COVID-19), which allows also a comparison of the labor market responses in other countries, 
albeit at different stages of the diffusion of the coronavirus – and thus featuring different public 
policy restraining measures.  

The first wave of our survey was launched on March 27-30 by IPSOS on a representative sample of 
1000 Italian citizens. The second wave was launched on April 15-17, again on a representative sam-
ple of 1000 Italian citizens, of whom around 650 had participated to the first wave. This survey is 
part of the more comprehensive REPEAT project (REpresentations, PErceptions and ATtitudes on 
the COVID-19), which collects information on perceptions and individual behavior related to COVID-
19 and to public health measures in several countries (Austria, Canada, France, Germany, Italy, New 
Zealand, UK and USA). Here, we consider the information on the current labor market status of the 
respondents, on their attitudes towards the restraining measures adopted in Italy, on their satisfac-
tion with the government action during the crisis and on their level of psychological distress. 

More specifically, in both waves, our labor market information includes whether an individual has 
stopped working or continues to work in the usual workplace or from home. From the second wave, 
we know whether the labor income of the respondents in March has decreased, increased or re-
mained constant, with respect to its usual level, and we have a self-assessment of their future in-
come perspectives. The survey provides also individual information on gender, age, education, in-
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come groups, geographical location, employment status (full time or part time worker, self-em-
ployed, unemployed or out of the labor force), type of occupation (blue collar, service, white collar, 
no occupation).  

The overall picture that emerges for the Italian labor market is bleak. In our survey, the employment 
rate prior to the coronavirus was 57% (thus in line with official data). Of these employed individuals, 
47% had stopped working three weeks after the lockdown; 35% were working from home and only 
18% were still working in their usual workplace. Hence, only 53% of the employed individuals were 
still actively working three-week into the lock-down. However, whether in their regular place or 
from home, they were mostly working full time – in fact 34% reports to be working more than usual 
and only 21% less than usual (45% same as usual).  

The REPEAT project allows comparing these outcomes with those of other countries in the surveys, 
as shown in Table 1. Partially due to the different timing and diffusion of the coronavirus and to the 
different timing in the introduction (and magnitude) of the restraining measures, Italy appears to 
have the worse overall labor market outlook. In Germany, where the survey was launched on March 
20-21, 53% of the employed respondents were still working in their usual workplace, 24% at home 
and only 23% had stopped. In France, data from March 31-April 2 shows that 28% had stopped, 34% 
were working from home and 38% in their usual workplace. In the UK, where the survey was 
launched on March 25-26, 22% of the employed respondents were still working in their usual work-
place, 46% from home and 32% had stopped.  

Six-week after the lockdown, the labor market situation in Italy had slightly changed. The share of 
individuals working from home increased to 41% and of those working outside to 25%, but 34% of 
the workers were still idle. However, the economic cost of the initial lock-down measures were sub-
stantial, as 34% of the individuals reported a lower month income in March (38% among the em-
ployed individuals). Moreover, 36% of the respondents were pessimistic about their future labor 
market outcomes.  

Perhaps in response to the economic costs of the lockdown, the support for the main restraining 
measures changed between the two waves. After three-week of lockdown, two respondents out of 
three agreed with the public policy measures of closing (non-essential) business and economic ac-
tivities. After six weeks, the support had decreased to one respondent in two. Instead, the general 
satisfaction with the action of the government and of the prime minister remained relatively con-
stant around respectively 56% and 42%.  

The data from the second wave allows assessing the psychological costs of the lockdown. Individuals 
were in fact asked a set of questions on social isolation (whether they felt isolated, excluded or 
missed something) and on mental health (feeling down, without energy, lack of sleep, lack of inter-
est, difficulty in concentrating, etc). Six-week into the lockdown, almost one respondent out of three 
felt socially isolated and almost one of two experienced mental distress.  

 

COVID: a Great economic (un)equalizer  

Data from our survey suggests that, besides the public health problem, six-week into the lockdown 
many Italians had serious economic and psychological issues. To assess the distributional aspects of 
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these effects, we use data from the two waves to analyze how the labor market outcomes depend 
on the pre-existing socio-economic, demographic and occupational characteristics of the respond-
ents. For both waves, our labor market outcomes of interests are whether an individual has stopped 
working, whether she works from home or whether she works from the usual work place. We run 
OLS regressions of these outcomes on gender, age groups (young are aged 18-35, adults 36-49, fif-
ties 50-59 and elderly 60+), education (no high school, high school, college or more), income groups 
(low, medium and high, corresponding to the three terciles of the family income distribution), oc-
cupation (blue collars, white collars and service workers, corresponding respectively to 6-9, 1-2 and 
3-5 in the 1-digit ISCO classification), working conditions (full time, part time, self-employed, inac-
tive), self-assessed health condition, geographical location (macro regions: north-est, north-west, 
center, south, islands) and city density (low, medium and high). Standard errors are clustered at 
province level.  

The results, reported in Tables 2 and 3, show several clear patterns of raising inequality in the labor 
market.  

Low educated individuals are more likely to stop working and less likely to work from home. After 
3-week of lockdown, the difference in the percentage of idle workers between no high school and 
college graduate was 0.25, almost entirely driven by the difference in working at home (-0.21). Three 
weeks later, i.e., 6-week into the lockdown, the difference in idle workers had increased to 0.29 and 
in working from home had become -0.34. Also the difference in stop working and working from 
home between high school and college graduate is (statistically and economically) significant and 
increased between the two surveys. Since the absolute share of idle workers decreased from the 
end of March to mid-April, while the share of individuals working from home increased, our results 
suggest that this (positive) adjustment from the initial situation was mostly favored college gradu-
ates.  

Large differences emerge also with respect to the type of occupation. Compared with white collars, 
after 3-week of lockdown, blue collars were less likely to work from home (-0.16), more likely to 
work from the regular workplace (0.08) and overall more likely to be idle (0.08). Three weeks later, 
these differences had doubled. The difference in idle workers between blue and white collars had 
increased to 0.16, as the result of an increase to -0.33 of the difference in working from home, only 
partially compensated by the contemporaneous increase to 0.16 of the difference in working from 
the workplace. Since the share of idle workers decreased between the two surveys, these results 
suggest that the positive adjustment come mostly – albeit not exclusively – from white collars.  

Also low (family) income workers suffered more in the labor market. After three weeks of lockdown, 
they were more likely than high (family) income to be idle (0.11), as they were less likely to work 
from home (-0.13). The difference in idle workers can largely be attributed to low income service 
workers. As shown in columns 4 to 6 in Table 2, low income service workers are much more likely 
to be idle, mostly because they were less likely to continue working from their regular workplace. 
The same pattern for low income service workers is confirmed after 6-week of lockdown (see col-
umns 4 to 6 in Table 3).  

Finally, full time workers were initially less likely (than self-employed) to remain idle, mostly because 
they were more likely to continue working in their regular workplace. The same pattern does not 
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emerge 6-weeks into the lockdown, due to a stronger adjustment by the self-employed, among 
whom the share of idle workers dropped from 38% to 26%.  

Overall, these results suggest that the initial effect of the lockdown fall disproportionally on the 
more fragile individuals in the labor market: low educated, blue collars, low income service workers. 
Some adjustments took place between the third and the sixth week from the lockdown (correspond-
ing to the first and second wave of our survey). Overall, the share of idle workers dropped, as the 
proportion of individuals working at home and from their regular workplace increased. However, 
also these positive adjustments had strong differential effects, since they benefitted mostly highly 
educated workers and white collars.  

Data from the second wave allows us to assess the early effect of the lockdown measures on the 
individuals’ current income and on their expectations regarding their future income. Table 4 pre-
sents the results from two qualitative questions, which asked respectively whether the respondent’s 
income had dropped in March (relatively to January) and how optimistic or pessimistic the respond-
ent was with respect to the future family income. Consistently with the previous results, the March 
monthly income was more likely to drop for low income individuals, blue collars and service workers, 
but less for full time workers. For employed individuals, these reductions were not due to layoffs, 
which were blocked for two months on March 17, but more likely to the use of alternative instru-
ments (such as unused maternal leaves, extraordinary redundancy fund), which were associated 
with a drop in the worker’s income. Interestingly, the drop in monthly income was less likely among 
elderly individuals – mostly retirees – since pension benefits were unaffected. When asked about 
their future income, the elderly remained less pessimistic, perhaps as they do not expect reduction 
in future pension benefits. Also full time workers, who were less likely to be idle in March, were less 
pessimistic. Instead, low income individuals (and low income workers, see columns 4 and 5 in Table 
4) were substantially more pessimistic about their future income prospects than high income ones. 

Does the differential impact of these lockdown measures on the individuals’ labor market experi-
ence affect their agreement with these public policy measures and their satisfaction with the gov-
ernment action? In both waves of the surveys, questions were asked on the agreement with closing 
(non essential) business and with closing activities and institutions, as well as on individual satisfac-
tion with the prime minister’s action and with the government’s action. Results are reported in Ta-
bles 5 and 6, respectively for the first (27-30 March) and for second wave (15-17 April). Among the 
regressors, we add the political ideology of the respondent (left, center, right).  

Opposition to the lockdown measures concerning economic activities emerged among the main la-
bor market losers: blue collars, service workers and low income individuals. For these individuals, 
the disagreement is stronger earlier on. The general agreement with these restrictive policies largely 
drops from the third to the sixth week into the lockdown: from two individuals out of three to less 
than one out of two. This reduction is more pronounced among white collars and high income indi-
viduals. Satisfaction for the actions of the (left leaning) government and of the prime minister is 
strongly related to the political orientation of the respondents – and remained relatively constant 
over time, above 40% for the prime minister and above 55% for the government. Among the main 
labor market losers, low educated individuals show a consistently low support for the actions of the 
prime minister and of the government.  
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The lockdown measures carry also important negative psychological effects (Brooks et al., 2020). 
Questions posed in the second wave allow us to measure the degree of isolation, exclusion and loss 
felt by the respondents. We averaged the answers to these questions to construct an exclusion in-
dex. Moreover, respondents were asked about their current feelings and behavior: whether they 
lost interest in doing things, felt depressed, had hard time sleeping, had no energy, were no hungry 
(or too hungry), felt bad about themselves or their family, had hard time concentrating on reading 
the newspaper or watching TV, moved too slowly (or too much), had suicidal thoughts. We averaged 
the answers to all these questions to construct a distress index. Finally, individuals were asked in 
their opinion how much longer the lockdown should last. Exclusion and distress may depend on the 
impact of the lockdown measures on the individuals’ labor market conditions, but also on their 
housing conditions and family composition. We thus add to the socio-economic and demographic 
regressors used earlier information on the respondent family composition (single, with family or 
living with others) and on their housing conditions (homeownership, room per person, lack of an 
open space). Not surprisingly, being confined at home, but with the family and more space at dis-
posal, reduces both feelings of exclusion and distress, while having no open space (such a garden or 
a terrace) increases the sense of distress. The feeling of distress is stronger for women and young 
individuals, and lower among elderly individuals and people in good health. As expected, low income 
individuals display more distress and feeling of exclusion, even after controlling for housing, occu-
pational and family characteristics.  

 

Discussion  

The picture emerging from two snapshots of the Italian labor market taken three-week and six-week 
into the lock-down is clear. The initial shock was massive, leading to a halt for almost half of the 
workers. Among those who were able to continue, two out of three worked from home and only 
one in three from the regular workplace. On impact, COVID hit much harder the more fragile indi-
viduals on the labor market – low educated, blue collars, low income service workers – who were 
more likely to stop working and to suffer immediate income losses. Not surprisingly, they were less 
in agreement with the public health measures mandating the closure of non-essential business and 
activities.  

However, some adjustment took place in the labor market after the sudden halt. Six-week into the 
lockdown, the share of idle workers had dropped to 34%, due to an increase in the use of smart 
working from home and to some workers returning to their usual workplace. However, also these 
positive adjustments were uneven, as they mostly affected highly educated workers and white col-
lars.  

Hence, after six-week of lockdown, the dis-equalizing effects of the Coronavirus are still strongly 
visible in the Italian labor market. And they show no sign of going away. Low income individuals are 
more likely to face psychological problems, such as having feeling of exclusion and distress, and are 
more pessimistic about their future income prospects.  

Economic measures to support low income individuals are thus immediately needed, but also their 
medium term perspectives look bleak, if effective policies are not implemented to ensure the coex-
istence of social distancing and on-the-workplace production. In fact, since less affluent individuals 
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are more likely to work from the regular workplace than from home, these more fragile individuals 
are more exposed to both health and economic risks.  
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Table 1: Labor Market Outcomes 

 Working from  Stopped Date of the Date of the 
 Home  Usual Work Place Working Survey Lockdown 

Austria 38% 33% 29% 24-26 March 16March 
France 34% 38% 28% 31 Mar-2 Apr 17 March 

Germany 24% 53% 23% 20-21 March 17 March 
Italy 36% 18% 46% 27-30 March 9 March 
UK 46% 22% 32% 25-26 March 23 March 

USA 34% 28% 38% 26-27 March --  
Author’s calculation using Survey Data from Attitudes on COVID-19: A comparative Study 
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Table 2: Labor Market after 3-week of Lockdown 

  (1) (2) (3) (4) (5) (6) 
VARIABLES Stopped 

Working 
Work from 

Home 
Work  

Outside 
Stopped 
Working 

Work from 
Home 

Work  
Outside 

female 0.002 0.007 -0.008 0.006 0.005 -0.011  
[0.046] [0.037] [0.034] [0.047] [0.038] [0.035] 

young -0.027 0.008 0.019 -0.020 0.007 0.013  
[0.066] [0.057] [0.051] [0.064] [0.056] [0.050] 

fifty -0.030 0.005 0.025 -0.029 0.005 0.023  
[0.058] [0.051] [0.058] [0.058] [0.051] [0.058] 

elderly 0.036 0.032 -0.068 0.036 0.034 -0.069  
[0.059] [0.053] [0.045] [0.059] [0.054] [0.045] 

No high school 0.248** -0.218*** -0.031 0.265** -0.222*** -0.043  
[0.115] [0.082] [0.093] [0.116] [0.082] [0.095] 

High school 0.094* -0.128** 0.034 0.081 -0.124** 0.043  
[0.051] [0.051] [0.040] [0.051] [0.052] [0.040] 

Low income 0.115** -0.133** 0.018 -0.014 -0.107 0.121  
[0.054] [0.053] [0.051] [0.084] [0.067] [0.076] 

Medium income 0.051 -0.060 0.009 -0.008 -0.040 0.048  
[0.057] [0.057] [0.055] [0.092] [0.071] [0.088] 

Income no answer -0.054 0.053 0.002 -0.104 0.047 0.057  
[0.064] [0.066] [0.055] [0.107] [0.096] [0.090] 

Service worker 0.012 0.010 -0.023 -0.080 0.029 0.052  
[0.062] [0.065] [0.041] [0.085] [0.080] [0.055] 

Blue collar 0.075 -0.159** 0.083* 0.104 -0.165** 0.061  
[0.073] [0.069] [0.045] [0.073] [0.071] [0.049] 

Low income Service W 
   

0.284** -0.057 -0.227**     
[0.116] [0.108] [0.087] 

Med income Service W 
   

0.111 -0.039 -0.073     
[0.113] [0.104] [0.099] 

No Answer Service W 
   

0.083 0.019 -0.102     
[0.146] [0.134] [0.123] 

Full time worker -0.125** 0.027 0.098** -0.125** 0.026 0.099**  
[0.056] [0.056] [0.046] [0.055] [0.056] [0.046] 

Part time worker 0.100 -0.088 -0.012 0.100 -0.089 -0.011  
[0.074] [0.067] [0.054] [0.074] [0.067] [0.054] 

Good health -0.005 0.047 -0.042 0.002 0.045 -0.047  
[0.048] [0.042] [0.038] [0.049] [0.043] [0.038] 

Low density area 0.074 -0.094** 0.019 0.078 -0.095** 0.017  
[0.054] [0.047] [0.049] [0.053] [0.047] [0.049] 

Middle density area 0.074 -0.041 -0.033 0.082* -0.042 -0.040  
[0.047] [0.046] [0.046] [0.047] [0.046] [0.045] 

Constant 0.344*** 0.522*** 0.134 0.375*** 0.516*** 0.109  
[0.085] [0.077] [0.082] [0.099] [0.079] [0.094] 

Observations 535 535 535 535 535 535 
R-squared 0.112 0.141 0.054 0.123 0.141 0.066 
Region FE YES YES YES YES YES YES 
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Table 3: Labor Market after 6-week of Lockdown 

  (1) (2) (3) (4) (5) (6) 
VARIABLES Stopped 

Working 
Work from 

Home 
Work  

Outside 
Stopped 
Working 

Work from 
Home 

Work  
Outside 

female 0.069 0.010 -0.079 0.069 0.011 -0.080  
[0.046] [0.053] [0.051] [0.046] [0.054] [0.049] 

young 0.071 0.012 -0.083 0.087 0.006 -0.093*  
[0.063] [0.060] [0.054] [0.061] [0.061] [0.054] 

fifty -0.099 0.029 0.069 -0.078 0.017 0.060  
[0.078] [0.060] [0.078] [0.078] [0.063] [0.079] 

elderly -0.090 0.057 0.034 -0.080 0.053 0.027  
[0.073] [0.068] [0.067] [0.072] [0.068] [0.069] 

No high school 0.289*** -0.343*** 0.054 0.277*** -0.331*** 0.054  
[0.089] [0.064] [0.092] [0.097] [0.066] [0.092] 

High school 0.165*** -0.167*** 0.002 0.153*** -0.160*** 0.008  
[0.050] [0.054] [0.052] [0.050] [0.054] [0.049] 

Low income 0.024 -0.045 0.021 -0.167* 0.014 0.153  
[0.065] [0.052] [0.059] [0.094] [0.066] [0.094] 

Medium income 0.081 -0.097 0.016 0.106 -0.132* 0.026  
[0.063] [0.058] [0.063] [0.097] [0.079] [0.097] 

Income no answer 0.126** -0.035 -0.091 0.013 0.079 -0.092  
[0.059] [0.070] [0.067] [0.087] [0.079] [0.085] 

Service worker 0.018 -0.048 0.030 -0.060 -0.020 0.080  
[0.056] [0.076] [0.056] [0.069] [0.094] [0.077] 

Blue collar 0.165** -0.333*** 0.167*** 0.228*** -0.358*** 0.130**  
[0.073] [0.083] [0.063] [0.076] [0.081] [0.063] 

Low income Service W 
   

0.435*** -0.130 -0.305***     
[0.113] [0.103] [0.114] 

Med income Service W 
   

-0.040 0.066 -0.025     
[0.106] [0.130] [0.124] 

No Answer Service W 
   

0.216 -0.224 0.008     
[0.140] [0.149] [0.131] 

Full time worker 0.031 -0.071 0.040 0.023 -0.071 0.048  
[0.060] [0.070] [0.056] [0.059] [0.070] [0.056] 

Part time worker 0.112 -0.152** 0.040 0.120 -0.162** 0.042  
[0.085] [0.072] [0.080] [0.087] [0.074] [0.078] 

Good health -0.034 0.005 0.029 -0.026 0.006 0.020  
[0.052] [0.045] [0.052] [0.050] [0.047] [0.051] 

Low density area 0.024 0.030 -0.054 0.008 0.036 -0.043  
[0.056] [0.058] [0.054] [0.052] [0.055] [0.055] 

Middle density area 0.035 -0.023 -0.012 0.029 -0.025 -0.005  
[0.046] [0.042] [0.047] [0.045] [0.040] [0.048] 

Constant 0.070 0.747*** 0.183* 0.092 0.737*** 0.172*  
[0.093] [0.093] [0.097] [0.097] [0.093] [0.099] 

Observations 411 411 411 411 411 411 
R-squared 0.150 0.243 0.103 0.186 0.252 0.122 
Region FE YES YES YES YES YES YES 
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Table 4: Current (March) & Future Income Reductions 

  (1) (2) (3) (4) (5) (6) 
VARIABLES Income  

Drop  
Income 

Drop 
Income 

Drop 
Future  
Income 

Drop 

Future  
Income 

Drop 

Future  
Income 

Drop 
Female -0.001 0.069 0.069 -0.012 -0.012 -0.011  

[0.032] [0.051] [0.052] [0.032] [0.050] [0.050] 
Young -0.017 0.010 0.012 -0.096** -0.102 -0.102  

[0.038] [0.055] [0.054] [0.040] [0.062] [0.062] 
Fifty -0.024 -0.006 -0.003 0.016 -0.086 -0.086  

[0.051] [0.070] [0.070] [0.049] [0.077] [0.079] 
Elderly -0.181*** -0.055 -0.053 -0.136*** -0.116 -0.116  

[0.044] [0.069] [0.069] [0.044] [0.073] [0.074] 
No high school -0.059 0.127 0.120 0.017 0.184* 0.191*  

[0.052] [0.099] [0.097] [0.055] [0.106] [0.107] 
High school 0.028 0.067 0.064 0.008 0.032 0.036  

[0.037] [0.057] [0.058] [0.034] [0.044] [0.045] 
Low income 0.151*** 0.112* 0.087 0.125*** 0.101* 0.114  

[0.036] [0.059] [0.092] [0.040] [0.060] [0.092] 
Medium income 0.049 0.035 0.030 -0.002 0.001 0.026  

[0.042] [0.054] [0.089] [0.034] [0.049] [0.084] 
Income no answer 0.082* -0.058 -0.112 0.052 0.079 0.135  

[0.046] [0.078] [0.117] [0.044] [0.073] [0.128] 
Service worker 0.117** 0.094 0.071 0.022 -0.010 0.020  

[0.058] [0.069] [0.087] [0.065] [0.073] [0.100] 
Blue collar 0.204*** 0.149* 0.158* 0.072 -0.002 -0.006  

[0.074] [0.084] [0.081] [0.082] [0.083] [0.080] 
White collar 0.069   0.043   

 [0.066]   [0.062]   
Low income Service W 

  
0.054 

  
-0.026    

[0.130] 
  

[0.132] 
Med income Service W 

  
0.010 

  
-0.051    

[0.133] 
  

[0.122] 
No Answer Service W 

  
0.109 

  
-0.112    

[0.162] 
  

[0.165] 
Full time worker -0.193*** -0.297*** -0.296*** -0.171*** -0.215*** -0.217***  

[0.055] [0.067] [0.068] [0.056] [0.072] [0.072] 
Part time worker 0.034 -0.120 -0.116 0.019 -0.029 -0.033  

[0.072] [0.086] [0.088] [0.072] [0.100] [0.101] 
Good health -0.003 0.039 0.039 -0.058* -0.034 -0.034  

[0.030] [0.058] [0.059] [0.030] [0.055] [0.056] 
Low density area 0.001 -0.058 -0.059 -0.050 -0.100 -0.102  

[0.041] [0.072] [0.073] [0.038] [0.068] [0.069] 
Middle density area -0.041 -0.112** -0.110** -0.033 -0.078 -0.082  

[0.031] [0.047] [0.047] [0.029] [0.051] [0.051] 
Constant 0.335*** 0.392*** 0.402*** 0.437*** 0.513*** 0.499***  

[0.062] [0.085] [0.090] [0.066] [0.110] [0.118] 
Observations 997 411 411 997 411 411 

R-squared 0.096 0.140 0.141 0.070 0.107 0.109 
Region FE YES YES YES YES YES YES 
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 Table 5: Individual Perceptions after 3-week of Lockdown 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  (1) (2) (3) (4) 
 Agree with Satisfaction with 
VARIABLES Closed Business  Closed Activity Prime Minister  Goverment  
Female 0.136*** 0.108*** 0.047 0.048  

[0.036] [0.030] [0.035] [0.036] 
Young 0.036 -0.003 -0.002 0.038  

[0.044] [0.046] [0.047] [0.039] 
Fifty -0.024 -0.032 -0.081 -0.053  

[0.052] [0.045] [0.052] [0.053] 
Elderly -0.012 -0.022 -0.023 -0.039  

[0.041] [0.038] [0.047] [0.037] 
No high school 0.072 0.072 -0.129** -0.140*  

[0.070] [0.069] [0.057] [0.072] 
High school 0.077* 0.025 -0.074** -0.068*  

[0.039] [0.033] [0.037] [0.041] 
Low income -0.101** -0.088** -0.068* -0.032  

[0.044] [0.039] [0.038] [0.037] 
Medium income -0.051 -0.051 -0.013 0.008  

[0.045] [0.045] [0.039] [0.043] 
Income no answer 0.048 -0.015 -0.076 -0.089*  

[0.055] [0.041] [0.053] [0.053] 
Service worker -0.143** -0.182*** 0.046 -0.047  

[0.063] [0.057] [0.058] [0.061] 
Blue collar -0.165** -0.240*** -0.034 -0.076 

 [0.064] [0.059] [0.068] [0.062] 
White collar -0.036 -0.087 -0.065 -0.078 

 [0.069] [0.071] [0.078] [0.057] 
Full time worker 0.063 0.077 -0.006 0.032 

 [0.068] [0.067] [0.048] [0.053] 
Part time worker 0.088 0.118* -0.032 0.030 

 [0.065] [0.061] [0.060] [0.068] 
Good health 0.036 0.059* -0.010 0.031 

 [0.029] [0.034] [0.032] [0.030] 
Low density area 0.058 0.073* 0.049 0.018 

 [0.046] [0.039] [0.036] [0.038] 
Middle density area 0.045 0.042 0.060* 0.065** 

 [0.044] [0.040] [0.031] [0.030] 
Left Ideology 0.033 -0.018 0.335*** 0.257*** 

 [0.050] [0.048] [0.052] [0.058] 
Center  Ideology -0.048 -0.065 0.169*** 0.106** 

 [0.043] [0.044] [0.038] [0.049] 
Right  Ideology -0.014 -0.072 -0.057 -0.185*** 

 [0.053] [0.052] [0.050] [0.056] 
Constant 0.541*** 0.652*** 0.381*** 0.565*** 

 [0.087] [0.069] [0.083] [0.094] 
     

Observations 1,000 1,000 1,000 1,000 
R-squared 0.059 0.052 0.139 0.159 
Region FE YES YES YES YES 
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Table 6: Individual Perceptions after 6-week of Lockdown 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  (1) (2) (3) (4) 
 Agree with Satisfaction with 
VARIABLES Closed Business  Closed Activity Prime Minister  Goverment  
Female 0.091** 0.085*** 0.040 0.063*  

[0.038] [0.032] [0.030] [0.033] 
Young 0.003 -0.015 0.046 0.043  

[0.056] [0.053] [0.040] [0.039] 
Fifty -0.020 0.005 -0.055 -0.013  

[0.055] [0.063] [0.045] [0.039] 
Elderly -0.029 -0.101** 0.010 -0.007  

[0.045] [0.047] [0.043] [0.037] 
No high school 0.005 -0.015 -0.169*** -0.166***  

[0.057] [0.070] [0.050] [0.056] 
High school 0.001 0.011 -0.091** -0.100***  

[0.040] [0.036] [0.035] [0.034] 
Low income -0.008 -0.024 -0.009 0.015  

[0.055] [0.051] [0.042] [0.038] 
Medium income -0.047 -0.055 -0.041 0.001  

[0.045] [0.044] [0.044] [0.039] 
Income no answer 0.006 -0.006 -0.041 -0.018  

[0.066] [0.058] [0.050] [0.044] 
Service worker -0.177*** -0.170*** 0.093* 0.066  

[0.056] [0.060] [0.048] [0.058] 
Blue collar -0.101 -0.070 0.049 -0.041 

 [0.071] [0.068] [0.053] [0.055] 
White collar -0.117* -0.155** -0.020 -0.040 

 [0.066] [0.071] [0.060] [0.067] 
Full time worker 0.102* 0.108* -0.005 -0.007 

 [0.053] [0.060] [0.045] [0.057] 
Part time worker 0.080 0.118* 0.043 -0.036 

 [0.063] [0.068] [0.057] [0.062] 
Good health -0.027 -0.056* 0.059** 0.057** 

 [0.033] [0.032] [0.030] [0.028] 
Low density area -0.027 -0.026 0.011 0.029 

 [0.046] [0.040] [0.036] [0.041] 
Middle density area -0.010 -0.046 0.011 -0.001 

 [0.036] [0.037] [0.032] [0.028] 
Left Ideology -0.000 0.070 0.385*** 0.251*** 

 [0.062] [0.054] [0.056] [0.055] 
Center  Ideology -0.105* -0.068 0.154*** 0.066 

 [0.057] [0.055] [0.053] [0.055] 
Right  Ideology -0.119* -0.066 -0.019 -0.188*** 

 [0.065] [0.059] [0.049] [0.057] 
Constant 0.595*** 0.641*** 0.213*** 0.454*** 

 [0.099] [0.089] [0.076] [0.087] 
     

Observations 997 997 997 997 
R-squared 0.039 0.050 0.178 0.174 
Region FE YES YES YES YES 
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Table 7: Psychological Costs after 6-week of Lockdown 

VARIABLES Exclusion Index Distress Index Lockdown Duration 
Female  0.019 0.098*** -0.150  

[0.022] [0.021] [0.317] 
Young  0.051 0.075** -0.566  

[0.035] [0.034] [0.373] 
Fifty  0.016 -0.015 -0.252  

[0.042] [0.041] [0.444] 
Elderly  -0.011 -0.077*** 0.425  

[0.027] [0.028] [0.424] 
No high school 0.030 -0.050 -0.069  

[0.044] [0.034] [0.505] 
High school 0.025 -0.013 0.030  

[0.028] [0.023] [0.343] 
No open space 0.036 0.044** 0.159  

[0.025] [0.022] [0.316] 
Homeowner  0.008 -0.028 0.091  

[0.032] [0.024] [0.372] 
Room per people -0.021** -0.024*** -0.248**  

[0.010] [0.009] [0.106] 
Single  0.064 0.051 -0.462  

[0.039] [0.035] [0.554] 
With family -0.074** -0.042* 0.230  

[0.029] [0.025] [0.432] 
Low income  0.059* 0.056** 0.746*  

[0.034] [0.027] [0.448] 
Medium income 0.019 0.040 -0.132  

[0.039] [0.029] [0.482] 
Income no answer 0.008 -0.010 0.373  

[0.040] [0.028] [0.479] 
Service worker -0.037 -0.032 -0.817*  

[0.046] [0.037] [0.468] 
Blue collar -0.072 -0.021 -0.171 

 [0.053] [0.037] [0.503] 
White collar 0.046 0.054 0.312 

 [0.053] [0.051] [0.582] 
Full time worker 0.076 0.053 0.178 

 [0.047] [0.036] [0.384] 
Part time worker 0.078 0.090** 0.815 

 [0.055] [0.041] [0.493] 
Good health -0.046 -0.133*** -0.991*** 

 [0.029] [0.022] [0.303] 
Low density area -0.010 -0.059* -0.309  

[0.034] [0.033] [0.422] 
Medium density area 0.010 -0.020 -0.410 
 [0.027] [0.026] [0.351] 
Constant 0.286*** 0.525*** 6.765***  

[0.051] [0.055] [0.611] 
Observations 997 997 997 
R-squared 0.055 0.143 0.057 
Region FE YES YES YES 
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