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We present real time survey evidence from the UK, US and Germany showing that the immediate labor market
impacts of Covid-19 differ considerably across countries. Employees in Germany, which has a well-established
short-time work scheme, are substantially less likely to be affected by the crisis. Within countries, the impacts
are highly unequal and exacerbate existing inequalities. Workers in alternative work arrangements and who
can only do a small share of tasks from home are more likely to have lost their jobs and suffered falls in earnings.
Women and less educated workers are more affected by the crisis.
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1. Introduction

The Covid-19 outbreak has caused severe disruptions to labor supply
in many countries around the world, bringing whole economies grind-
ing to a halt. As a result, individuals are suffering large and immediate
losses in terms of income and employment. Different public policies
are put in place to buffer the economic consequences of the shock.
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Obtaining a better understanding of the distribution of impacts of the
Covid-19 crisis is crucial for designing policy responses that target
those individuals who have been most affected by the crisis. In this
paper, we provide evidence from real time surveys conducted in the
US, the UK and Germany in March and April 2020. We examine which
workers were most likely to lose their jobs, be furloughed or on short-
time work, reduce their hours, and experience a decrease in their earn-
ings. Our focus lies on documenting cross-country differences as well as
understanding which job characteristics allow individuals to buffer the
shock of the crisis.

The impacts of the Covid-19 crisis are large and unequal within and
across countries. There are several key results that emerge from our
study. First, we find staggering cross-country differences in the labor
market impacts of the Covid-19 epidemic. By early April, 20% and 17%
of individuals in work at the onset of the pandemic lost their jobs in
the US and the UK, respectively, compared to only 5% in Germany. The
countries differ in the labor market policies that were introduced or
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2 The surveys were conducted by a professional survey company. All participants were
part of the company's online panel and participated in the survey online using their com-
puters, tablets or mobile phones. The surveywas scripted in Qualtrics. Themedian time to
complete the survey was about 10 min.

3 All dates refer to the year 2020. The results presented in this paper are based on the
April wave of the survey, unless stated otherwise.
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extended in response to the crisis. Germany has a well-established
short-time work (STW) scheme and we find that 34% of employees in
work at the onset of the pandemic have been asked to reduce their
hours to benefit from this scheme. Furloughing has been relatively prev-
alent in theUKbut not as prevalent in theUS; 36% and 25%of employees
in the UK and US respectively report having being furloughed in their
main job. Though it might be too early to claim that the “German eco-
nomic miracle” witnessed during the Great Recession (Rinne and
Zimmermann, 2012) is repeating itself, we find that the shock has
been much smaller for German workers thus far.

Second, there are striking differences in the impactswithin countries
depending on job and worker characteristics. In all three countries,
workers who report that they can do a high share of tasks from home
are substantially less likely to have lost their job. Moreover, we find
large differences in job loss probabilities across industries and occupa-
tions, mostly owing to the fact that the average percentage of tasks
workers can do fromhomevaries substantially across industries and oc-
cupations. Interestingly, the percentage of tasks workers can do from
home is a significant predictor of job loss, over and above what can be
explained by industry, occupation or other job characteristics. In all
three countries, employees on permanent contracts have been signifi-
cantly less likely to lose their jobs compared to employees with tempo-
rary work arrangements.

Turning to individual differences in job loss probabilities, in the US
and the UK there are marked differences between men and women
and between people with and without university education. Women
and workers without a college degree are significantly more likely to
have lost their jobs. Remarkably, while occupation fixed effects and
the percentage of tasks one can do from home can account for all of
the gap in job loss between college-educated workers and workers
without a college degree, this is not the case for the gender gap. The gen-
der gap persists even once we control for these job characteristics, indi-
cating that other factors play a role. This does not only contrast with
usual recessions in which men tend to be more likely to lose their jobs.1

It also stands in contrast with the results from Germany, where neither
gender nor having a college degree significantly predict job loss. Turning
to time use data, we note that amongst the population working from
home, women spend significantly more time homeschooling and caring
for children.

Individual outlooks on the future are bleak. The average perceived
probability of losing one's job within the next months is 35% in the US
and 31% in the UK. Even in Germany, where the share of workers who
have lost their job already ismuch smaller than in the anglophone coun-
tries, the average perceived probability of losing one's job before August
2020 is 25%. Individuals are worried about being able to pay their usual
bills and expenses. 47% in the US, 40% in the UK, and 32% in Germany al-
ready have struggled to pay their usual bills.

Our paper contributes to several strands of the literature. First, it
contributes to the literature on the impact of economic downturns on
labor market outcomes (e.g., Hoynes et al., 2012; Christiano et al.,
2015) and the importance of short-time work schemes to buffer eco-
nomic shocks (e.g., Giupponi and Landais, 2018; Cahuc et al., 2018;
Kopp and Siegenthaler, 2018). Second, it closely relates to the literature
on alternative work arrangements and the role of firms in providing
workers insurance against shocks to labor demand (Malcomson, 1999;
Koustas, 2018; Mas and Pallais, 2020). We show that firms are shelter-
ing permanent workers more than those on temporary contracts.
Third, our paper contributes to the economics literature documenting
the immediate impact of the Covid-19 pandemic. Research using real
time data has studied the relationship between the outbreak and
stock returns and volatility (Alfaro et al., 2020; Baker et al., 2020a), sub-
jective uncertainty in business expectations surveys (Baker et al.,
2020b), business closures (Bartik et al., 2020), worries regarding the
1 See, for instance, Hoynes et al. (2012) and Bredemeier et al. (2017).
aggregate economy (Fetzer et al., 2020), household spending (Baker et
al., 2020b; Carvalho et al., 2020), and labor market impacts in specific
countries relying on administrative data (Cajner et al., 2020), data
from businesses (Chetty et al., 2020), job ads (Kahn et al., 2020), public
survey data (e.g. Benzeval et al., 2020; Coibion et al., 2020), and own
data collected through survey agencies (Bick and Blandin, 2020; von
Gaudecker et al., 2020). Other research using data collected before the
crisis has discussed channels throughwhich the current crisismay affect
workers differently depending on their gender and occupation (Alon et
al., 2020; Dingel and Neiman, 2020; Mongey and Weinberg, 2020). We
provide real time evidence on the effect of the pandemic on labor mar-
ket outcomes in three major economies. Moreover, our survey is tai-
lored to capture elements specific to the Covid-19 recession such as
furloughing and short-time work.

2. Data

Weuse real-time survey data collected as part of the COVID Inequal-
ity Project to study the labor market impacts of the pandemic.2 The
analyses presented in this paper are primarily based on data collected
between April 9–14 in the US (N=4,000), UK (N=4,931) and Germany
(N=4,002).3 We also provide additional insights using survey data col-
lected between March 24–26 for which we only have information for
the US (N=4,003) and the UK (N=3,974). To be eligible to participate
in the study, participants had to be at least 18 years old and report hav-
ing engaged in any paidwork during the previous 12months. To ensure
that results are comparable across waves and countries, we chose to
draw independent study samples for each wave/country using the
same sampling methodology. More specifically, we used quota-based
sampling to ensure that the samples are representative in terms of re-
gion in each country. Appendix Tables C.1 to C.3 show the distribution
of respondents across regions and the comparison to the national distri-
bution of individuals across the different regions.

2.1.1. Comparison to CPS, LFS and SOEP data
Appendix Tables C.4 to C.6 compare the characteristics of the April

samples to nationally representative statistics from the Current Popula-
tion Survey (CPS) for the US, the Labor Force Survey (LFS) for the UK,
and the Socio-Economic Panel (SOEP) for Germany. The sample distri-
butions are comparable in terms of occupations and industries, although
some categories (e.g. “Computer and Mathematical” occupations) are
over-represented. In terms of individual characteristics, women and
workers with a university degree are over-represented. While there
are somedifferences between our data and the nationally representative
statistics, we note that our results are robust to re-weighting the sample
using survey weights.4

2.1.2. Survey design
Wecollect detailed information on respondents' work arrangements

and work history. Importantly, the data allow us to make two key dis-
tinctions. First, we can distinguish between workers who kept their
jobs and workers who lost their jobs in the recent crisis. Second, we ex-
plicitly ask employees to report whether they have been furloughed
(US&UK) or put on STW (Germany). Taken together, this information
allows us to distinguish between three different groups of employees:
To calibrate theweights,we use an iterative proportional fitting (or raking) procedure
(Deville and Särndal, 1992; Kolenikov, 2014) to ensure that the distributions of gender,
education, age, occupation, industry and region in our samples match those of the eco-
nomically active population in each respective country.



8 We note that our results are broadly comparable to aggregate statistics obtained from
other sources. For the US for example, data from the Household Survey show that in April
2020 total employment fell by 22.4 million, or around 14% of total employment in March
2020. Data from the Establishment Survey show a similar decline in total nonfarm em-
ployment, which was particularly concentrated in the leisure and hospitality sector
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those who are still regularly employed (i.e. not on furlough or STW),
furloughed (US&UK) or on STW (Germany), and employees who were
laid off. This distinction is important given the recent policy responses
to the crisis (see Section 3).

The data include information on a range of individual (e.g. age, gen-
der, education) and job characteristics (e.g. occupation, industry). To
study the importance of workers' ability to work from home, we elicit
information on the percentage of tasks workers could do from home
(0–100%). The data further include information on respondents' net
earnings in the previous months, as well as on the number of hours
worked in a typical week in February and April. Appendix A provides
more details on the survey design, while Appendix B includes the
questionnaire.

2.1.3. Sample
To study the impact of the coronavirus crisis on the labormarket, we

limit the analysis to workers who are still in work in April or lost their
job in the previous month due to the coronavirus outbreak. Individuals
who did not have a job at the onset of the pandemic are not included in
any of the analyses.

3. Context

Given the speed at which events unfolded, it is important to sit-
uate our study into the existing context. In all three countries, the
first Covid-19 cases were confirmed towards the end of January
and the first deaths in the beginning of March. The countries dif-
fered, however, in the intensity and speed at which lockdown mea-
sures and public policies were introduced.5 Germany announced
the first nationwide social distancing measures on March 12th,
closed schools on March 16th and announced a nationwide lock-
down on March 22nd. In the UK, a nationwide lockdown was an-
nounced on March 23rd, and schools were also closed from that
date. In the US, national emergency was declared on March 13th.
There was a substantial degree of heterogeneity across US states
with regard to the introduction of lockdown measures. California
was the first to issue state-wide stay-at-home orders, which took
effect on March 19th. The majority of US states followed, and by
the time of our April data collection 40 US states had introduced
similar lockdown measures.6 In all three countries, visits to retail
spaces and workplaces started dropping sharply on March 18th
(Appendix Fig. D.2).

To buffer the labor market impacts of the pandemic, the coun-
tries introduced different policy measures. Germany, which already
had one of the oldest and most comprehensive short-time work
(STW) schemes, passed a law on March 13th, making the eligibility
criteria for STW less stringent.7 On March 20th, the UK government
announced the Coronavirus Job Retention Scheme, which allowed
firms to furlough workers. In contrast to the German STW scheme,
furloughed workers are not allowed to undertake any work for
their employer. In the US, where a similar furloughing scheme has
been in place, the Coronavirus Aid, Relief, and Economic Security
(CARES) Act was signed into law on March 27th. The CARES Act in-
cludes provisions to expand unemployment benefits to furloughed
workers, gig workers, and freelancers, with unemployment benefits
increased by $600 per week, as well as additional direct payments
to families. Small businesses could obtain forgivable loans through
the Payroll Protection Program (PPP). Germany and the UK also
made provisions for the self-employed. On March 23rd, the German
5 The timeline presented in Appendix Figure D.1 illustrates the exact timing of events.
6 An overview of the different lockdown measures US states introduced (with corre-

sponding dates) can be found on thiswebsite: https://github.com/nytimes/Covid-19-data.
7 STW allows firms affected by temporary shocks to reduce their employees' hours in-

stead of laying them off. Government subsidies pay short-time compensation to em-
ployees who reduce their hours (up to a cap).
government agreed on an emergency assistance program to sup-
port small businesses, freelancers and the solo self-employed,
which was accessible immediately. On March 26th, the UK an-
nounced the Self-Employment Income Support Scheme which of-
fered grants to self-employed workers not to be paid out before
June.

The three countries we study do not only differ in their policy re-
sponses to the crisis. Most notably, there is also considerable variation
in employment protection legislation (OECD, 2020). The OECD Employ-
ment Protection Legislation (EPL) index, which summarizes core as-
pects of dismissal regulation such as procedural requirements and
severance pay, is 0.09 in the US, 1.35 in the UK and 2.60 in Germany.
Existing institutional differences are likely to have contributed to the
large cross-country disparities in job loss we document in our study.

4. Results

4.1. Job loss

There are staggering cross-country differences in the percentage of
workers who lost their jobs due to the Covid-19 pandemic. While 20%
and 17% of US and UK workers lost their jobs by early April, the corre-
sponding figure is 5% for Germany.8Within each country, the labormar-
ket impact of the pandemicwas highly unequal. There are some notable
similarities across countries in terms of who was most likely to be af-
fected. In all waves and countries, there is a clear negative relationship
between job loss and the ability to work from home (panel (a) of Fig.
1). The most salient cross-country differences in job loss can be ob-
served in the bottom part of the distribution. While more than 40% of
workers who cannot work from home lost their jobs in the US by
early April, the corresponding figure is below 10% in Germany. Panel
(b) of Fig. 1 displays the proportion of employees who lost their job
by work arrangement. Again we observe a similar pattern in all three
countries. Employees with permanent, salaried, fixed hour contracts
were less likely to lose their jobs.

There are also large differences in job loss across industries and
occupations.9 Fig. 2 presents the percentage of employees who lost
their jobs, were furloughed (US&UK) or on STW (Germany), or still
employed in early April. Employees in the ‘Accommodation and Food
Service Activities’ industry were most likely to lose their jobs in all
three countries. The ‘Arts, Entertainment and Recreation’ industry as
well as the ‘Wholesale and Retail Trade’ industry were also considerably
affected. Other industries such as ‘Information and Communication’ ex-
perienced lower declines. We also see sizeable differences in the per-
centage of workers furloughed or on STW. We investigate furloughing/
STW inmore detail in Section 4.3. Appendix Fig. D.3 shows the large dif-
ferences in job loss by occupation. Employees in ‘Food Preparation and
Serving’were substantiallymore likely to lose their jobs than employees
in ‘Computer and Mathematical’ occupations.

There are substantial differences in workers' ability to work from
home both across as well as within industries and occupations (see
Appendix Figs. D.4 and D.5).10 The mean share of tasks workers can do
fromhome is lowest in the ‘Accommodation and Food Service Activities’
(Bureau of Labor Statistics, 2020). Finally, Bick and Blandin (2020) find that 16.5% of
workers in the US lost their jobs.

9 We use NACE Rev. 2 codes to classify industries. Occupations are classified using
O*NET SOC 2018 codes for the US&UK, and ISCO-08 codes for Germany. Differences in oc-
cupation classifications need to be kept in mind when comparing R2 statistics across re-
gressions with occupation fixed effects.
10 In Adams-Prassl et al. (2020) we document that the variation within and across occu-
pations and industries is remarkably consistent across countries and survey waves.

https://github.com/nytimes/Covid-19-data


11 Appendix Figure D.8 shows heatmaps of the average share of tasks that can be done
fromhomebyoccupation (y-axis) and industry (x-axis),while Appendix FigureD.9 shows
the share of jobs lost due to Covid-19. Comparing the two figures highlights that occupa-
tions in industries inwhich the average share of tasks that can be done fromhome is lower
experienced larger declines in employment.

Fig. 1. Job loss probability due to Covid-19 by percentage of tasks that can be done from home and work arrangement. Notes: The dotted line in panel (a) and the thin black bars in (b)
represent the 95% confidence intervals. The figures show the share of individuals who were in paid work four weeks before data collection that lost their job due to Covid-19.
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industry and highest in ‘Information and Communication’. For occupa-
tions, the lowest average share can be observed in ‘Food Preparation
and Serving’ while ‘Computer and Mathematical’ occupations have the
highest share. In Appendix Fig. D.6 we show that there is a strong rela-
tionship between the average share of tasks workers can do from home
within a given industry and the percentage of workers who lost their
jobs in that industry. The average share of tasks that can be done from
home explains 66%, 44% and 24% of the variation in job loss across
industries in the US, UK and Germany, respectively. For occupations,
this relationship is similarly strong (Appendix Fig. D.7). These patterns
also hold for occupation-industry pairs.11
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Table 1 (columns (1)–(3)) shows the results of linear probability
models (LPM) in which we regress job loss on a range of job character-
istics. Job loss is defined as a binary variable which equals one if the
worker lost their job and zero otherwise. All specifications control for
region, occupation and industry fixed effects.12 The share of tasks that
can be done from home significantly predicts job loss over and above
what can be explained by occupation and industry fixed effects,
highlighting the importance of differences in the ability to work from
home within occupations and industries. The results presented in this
12 Region fixed effects refer to states for the US and Germany. For the UK, we include
fixed effects for the nine regions of England, as well as Scotland, Wales and Northern
Ireland.
table also speak to the importance of contractual arrangements in shel-
tering workers form the economic downturn. Controlling for workers'
ability to work from home and the occupation and industry they work
in, we find that employees in less secure work arrangements are more
likely to have lost their jobs. In all three countries, employees on perma-
nent contracts were less likely to lose their jobs compared to employees
on temporary contracts. Salaried employeeswere less likely to lose their
jobs in the US and Germany compared to non-salaried employees. Fi-
nally, self-employed workers were more likely to lose their jobs in the
US and the UK compared to employees.13 The same patterns are found
13 Note that the definition of job loss is the same for employees and self-employed
workers (see Appendix A).



Table 1
Job and earnings loss probability.

Job loss Earnings loss

US UK DE US UK DE

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

Tasks from home −0.2617*** −0.1917*** −0.0397*** −0.1328*** −0.0737*** −0.0202
(0.0216) (0.0195) (0.0128) (0.0303) (0.0267) (0.0233)

Self-Employed −0.0996*** −0.0463* 0.0051 0.0224 0.0945** 0.0615*
(0.0228) (0.0257) (0.0174) (0.0320) (0.0373) (0.0322)

Permanent −0.0659*** −0.1711*** −0.0546*** −0.0116 −0.0224 0.0030
(0.0165) (0.0205) (0.0114) (0.0233) (0.0302) (0.0210)

Salaried −0.0632*** 0.0110 −0.0193* −0.0911*** −0.0455** −0.0629***
(0.0181) (0.0154) (0.0108) (0.0248) (0.0207) (0.0197)

Fixed hours 0.0022 −0.0094 0.0035 −0.0714*** −0.1108*** −0.0927***
(0.0164) (0.0151) (0.0097) (0.0232) (0.0203) (0.0175)

Constant 0.4475*** 0.2720*** 0.1288*** 0.3757*** 0.3765*** 0.2933***
(0.0875) (0.0667) (0.0355) (0.1208) (0.0886) (0.0645)

Observations 2995 3760 3354 2396 3111 3165
R2 0.1600 0.1138 0.0654 0.1057 0.0890 0.0671
Region F.E. Yes Yes Yes Yes Yes Yes
Occupation F.E. Yes Yes Yes Yes Yes Yes
Industry F.E. Yes Yes Yes Yes Yes Yes

Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. Thedependent variable in Columns (1)–(3) is a binary variable forwhether a respondent lost their job
within the past month and attributed the job loss to the coronavirus outbreak. The dependent variable in Columns (4)–(6) is a binary variable for whether a respondent earned less in
March 2020 than the average earnings over January and February 2020. In Columns (4)–(6) the sample is restricted to those who were in work at the time of data collection. Tasks
from home is the fraction of tasks respondents could do from home in their main or last job. Self-employed is a binary variable for being self-employed in themain or last job. Permanent,
salaried andfixedhours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours arefixed, respectively. Regionfixed effects refer to statefixed effects
for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.
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when using both waves for the US and the UK (Appendix Table D.1) or
using survey weights in the analysis (Appendix Table D.2) which ac-
count for differences in gender, education, age, occupation, industry
and region between our samples and nationally representative samples
of the economically active population in each respective country.

Next we explore whether individuals' background characteristics
and job characteristics relate to differences in job loss. We explore het-
erogeneity in job loss with respect to gender, education and age groups.
Table 2 presents the results of an LPM in which we first regress job loss
on individual characteristics only, and then add controls to account for
job characteristics.14 In the US and the UK, womenwere 6.5 percentage
points (p.p.) and 4.8 p.p. more likely to lose their jobs. Differences in job
characteristics betweenmale and femaleworkers can account for about
half of the gender gap in job loss in both countries. We note, however,
that a significant gender gap remains even oncewe control for job char-
acteristics, suggesting that other factors we are not capturing in this re-
gression play a role in driving the gender gaps.

In terms of education, we find thatworkers with a university degree
were 7.9 p.p. and 6.3 p.p. less likely to lose their jobs in the US and the
UK, respectively.15 Once we account for job characteristics, we no lon-
ger find a significant difference in job loss between workers with/
without a university degree. Workers with different levels of education
sort into different types of jobs, and sorting is a likely explanation for the
insignificant coefficient we find in the regressions controlling for job
characteristics.16 The results contrast with the results for Germany,
where we do not find significant gender or education gaps in job loss.
Turning to the age patterns in job loss, we find no association between
age and job loss in the US and the UK. In Germany, younger workers
seem to have been more likely to lose their jobs.

Once we control for differences in individual background character-
istics, we still find similar differences in job loss by job characteristics.
The share of tasks that can be done from home is still highly significant
14 Appendix Table D.3 presents weighted results. The results are robust to the use of
weights.
15 Theremight be other differences in education and/or skill levels acrossworkerswhich
are not captured by this classification. Workers with different types of skills may have
been more/less affected independent of whether they had a university degree or not.
16 As illustrated inAppendix FiguresD.10 andD.11, university graduates tend to sort into
occupations and industries in which a high share of tasks can be done from home.
in all three countries, though the relationship is much steeper in the US
(−0.26) and the UK (−0.19) than in Germany (−0.04).17 The differ-
enceswe find in job loss between employed and self-employedworkers
as well as between employees with different work arrangements are
similar to the differences reported in Table 1.18

Why are women in the US and the UK more likely to lose their jobs
than men?While we cannot provide a definite answer to this question,
we provide suggestive evidence that differences in care responsibilities
might play a role.Whenwe additionally control forwhether the respon-
dent had to change theirwork patterns to care for others, the number of
kids in the household and an interaction between the number of kids
and the female dummy, we find that in the UK the coefficient on the in-
teraction term is positive and significant (Appendix Table D.5), while
the opposite seems to be true for Germanywhere we did not find a sig-
nificant gender gap in job loss. The presence of care responsibilities is
positively associated with job loss in both the US and Germany.We fur-
ther provide evidence that childcare responsibilities are not shared
equally between working parents who work from home. Mothers
working from home spend considerably more time homeschooling
and caring for children than fathers working from home (Appendix
Fig. D.14). This relationship also holds when we control for a broad
range of individual and job characteristics (Appendix Table D.6).

At the time the April survey was conducted, there was high uncer-
tainty about the speed at which the virus would be contained and the
economy would rebound. Focusing on workers who had a job in early
April, we find that in all three countries individual outlooks on the future
are bleak. On average, those still in work perceive the likelihood of losing
their job in the near future to be 35% and 31% in the US and the UK, and
25% in Germany. To shed light on what might be driving differences in
perceptions about job loss, we elicited individual beliefs about the likeli-
hood of social distancingmeasures being in place onAugust 1st. The aver-
age response to this questionwas 59% in theUS, 62% in theUK, and 53% in
Germany. Appendix Table D.7 presents the results from an LPM in which
17 To illustrate the explanatory power of the working-from-home measure, we refer to
Appendix TableD.4.Working fromhome alone can explain 10%, 6% and 1% of the variation
in job loss for the US, UK and Germany, respectively.
18 Appendix FiguresD.12 andD.13 display the industry and occupationfixed effects from
columns (2), (4) and (6) of Table 2 resembling the unconditional patterns in Figures 2 and
D.3.



Table 2
Job loss probability - Individual characteristics.

United States United Kingdom Germany

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

Female 0.0652*** 0.0321** 0.0483*** 0.0242* 0.0015 −0.0002
(0.0151) (0.0157) (0.0124) (0.0129) (0.0077) (0.0084)

University degree −0.0789*** −0.0050 −0.0629*** −0.0070 −0.0130 0.0053
(0.0151) (0.0161) (0.0123) (0.0131) (0.0086) (0.0102)

30–39 −0.0325 −0.0043 0.0222 0.0304* −0.0432*** −0.0186*
(0.0201) (0.0195) (0.0156) (0.0156) (0.0097) (0.0103)

40–49 −0.0286 −0.0087 0.0259 0.0229 −0.0343*** −0.0141
(0.0214) (0.0209) (0.0171) (0.0173) (0.0115) (0.0124)

50–59 0.0005 0.0171 0.0036 −0.0074 −0.0342*** −0.0204
(0.0247) (0.0241) (0.0215) (0.0216) (0.0120) (0.0127)

60+ 0.0135 0.0111 0.0256 0.0111 0.0319 0.0290
(0.0257) (0.0253) (0.0366) (0.0359) (0.0201) (0.0207)

Tasks from home −0.2574*** −0.1913*** −0.0400***
(0.0219) (0.0197) (0.0131)

Self-employed −0.1003*** −0.0477* 0.0059
(0.0230) (0.0260) (0.0176)

Permanent −0.0639*** −0.1720*** −0.0510***
(0.0166) (0.0206) (0.0116)

Salaried −0.0592*** 0.0112 −0.0192*
(0.0185) (0.0156) (0.0109)

Fixed hours 0.0018 −0.0123 0.0056
(0.0165) (0.0152) (0.0097)

Constant 0.2371*** 0.4311*** 0.1191*** 0.2454*** 0.0860*** 0.1320***
(0.0689) (0.0888) (0.0253) (0.0678) (0.0132) (0.0358)

Observations 3025 2995 3816 3760 3584 3354
R2 0.0448 0.1618 0.0169 0.1161 0.0171 0.0679
Region F.E. Yes Yes Yes Yes Yes Yes
Occupation F.E. No Yes No Yes No Yes
Industry F.E. No Yes No Yes No Yes

Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is a binary variable for whether a respondent lost their job within the past
month and attributed the job loss to the coronavirus outbreak. Tasks from home is the fraction of tasks respondents could do fromhome in theirmain or last job. Self-employed is a binary
variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours
are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.

20 Earnings loss is defined as a binary variablewhich takes on a value of one if net income
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we regress perceptions about job loss on individual and job characteristics
as well as perceptions about the likelihood of social distancing measures
being in place in August. Younger workers and employees on less secure
work contracts perceive the probability of losing their job to be higher.
Women and workers who can do fewer tasks from home are more opti-
mistic about their chance of keeping their job in the US and the UK. This
stands in contrast to the realized experience of these groups so far, and
might be explained by strong demand for work in ‘essential sectors’
(Kahnet al., 2020). Finally,wefind that individualswhobelieve social dis-
tancingmeasureswill still be in place inAugust perceive the probability of
losing their job to be significantly higher.

Given the differences in theway the policies were administered, it is
possible that workers who were laid off face a different probability of
being rehired in the three different countries. While we cannot directly
speak to this question because we do not observe respondents over
time, we do have information on workers' perceptions of being rehired
by the same employer.We do not find large cross-country differences in
the perceived likelihood of returning to the same employer. The average
perceived likelihood is 57% and 51% in the US and the UK, and 55% in
Germany.

4.2. Earnings loss

Many workers lost a substantial proportion of their income as a re-
sult of this recession. As in the Great Recession (Guvenen et al., 2014),
the drop in earnings experienced byworkers is not evenly spread across
the initial earnings distribution. The percentage drop in earnings is
greater at the bottom of the earnings distribution in all three countries
(Appendix Fig. D.15).19 While it is not surprising that workers who
19 To conduct this analysis, we compare individuals' net monthly income in March to
their average net monthly income of January and February.
lost their jobs experienced drops in income over this time period, one
striking pattern in the data is that a very high proportion of workers
who still had a job in April also experienced earnings losses. 35% (US),
29% (UK) and 20% (Germany) of respondents still inwork in April report
lower earnings in March (compared to Jan-Feb). Columns (4)–(6) of
Table 1 show which job characteristics predict earnings losses for
those still in work.20 In the US and the UK, workers who can do fewer
tasks from home are more likely to experience a drop in earnings.
Self-employed workers were more likely to experience earnings losses
in the UK and Germany. In all three countries, employees on salaried
and fixed hour contractswere less likely to experience a decline in earn-
ings. We further explore which individual characteristics predict earn-
ings losses (Appendix Tables D.8 and D.9). We find no significant
differences by gender. In the US, workers with a university degree
were significantly less likely to experience earnings losses. In all three
countries, we find evidence that younger workers were more likely to
experience a decline in their income.

All respondents, irrespective of their current employment status,
were further asked about their perceived likelihood of struggling to
pay their usual bills and expenses in the near future (before August
1st). The average response to this question was 50% in the US, 45% in
the UK, and 32% in Germany, indicating that many individuals think
they will struggle financially.21 Indeed, 47%, 40%, and 32% of individuals
in the US, UK, andGermany report that they already struggle to pay their
usual bills and expenses.
in March is lower than the average net income of January and February.
21 Appendix Figure D.16displays thedistribution of responses to this question separately
for the US, UK and Germany.
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4.3. Furloughing and short-time work

A prominent feature of the coronavirus crisis has been the introduc-
tion and increased use of furloughing and STW schemes. 25% (US), 36%
(UK) and 34% (Germany) of employees in work at the onset of the pan-
demic report being furloughed or in STW in early April.22 As with job
loss, there is considerable variation in the percentage of workers
furloughed or on STW across industries (Fig. 2) and occupations
(Appendix Fig. D.3).

Appendix Tables D.10 and D.11 show the determinants of furlough
in an LPM and a multinomial logit framework, respectively. Across all
countries, workers on permanent contracts have been significantly
more likely to be furloughed rather than laid off, and salaried workers
have been significantly less likely to lose their job or be furloughed,
when controlling for occupation, industry and background characteris-
tics. The relationship between the ability to work from home and
furloughing is less strong than that for job loss, with the exception of
Germany. This is to be expected given that furloughed workers are not
supposed to do any work for their employers under the US and UK
schemes, while they can under the German scheme.23 Turning to back-
ground characteristics, women are less likely to be on furlough in the US
but more likely to be put on STW in Germany (controlling for job char-
acteristics). We do not find significant differences in the likelihood of
being on furlough between workers with/without a university degree,
whereas across all countries older workers are significantly less likely
to be on furlough or STW.

In the UK, employers can choose to top up the wage of their
furloughed employees and 70% of respondents on furlough report that
their employer offered to do so. However, 50% of employees in the UK
were asked to take annual leave and 15% of them were asked to work
while on furlough. In the US, 53% of furloughed employees lost their
health insurance coverage. In Germany, we find a high correlation of
0.81 between the percentage of hours that employees were officially
asked to work while on STW (51% on average) and the hours that
they actually work (50% on average).
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Fig. 3. Change in hours worked by industry. Notes: The thin black bars represent the 95%
confidence intervals. The figure shows the change in hours worked between a usual work
week in February and the lastworkweek amongst those still working for theUS (top), the
UK (center) and Germany (bottom).
4.4. Hours worked

Amongst those who still had a job in early April, we observe a stark
decline in the number of hours worked. The average change in hours
worked perweek for thoseworkingnon-zero hours (compared to a typ-
ical week in February) was 5 h (US), 7 h (UK) and 4 h (Germany).24 Fig.
3 shows the average change in hours worked per week by industry,
amongst workerswho still have a job in early April. Across all industries
there is large variation in the reduction in hours of those in paid work.
Industries which require high in-person contact such as ‘Education’ or
‘Art, Entertainment and Recreation’ were disproportionately more af-
fected. Industries that experienced the largest drop in hours also saw
the largest share of workers laid off (Appendix Fig. D.17). This is not a
mechanical effect as the reduction in hours worked is calculated for
those who are still working non-zero hours, so the change in hours
only reflects the intensive but not the extensive margin. In Appendix
Figs. D.18 and D.19 we document similar patterns by occupation.
22 In Germany, between early March and end of April, around 20% of the labor force ap-
plied for the STWscheme (Bundesagentur für Arbeit, 2020). In theUK, just under 4million
jobs were furloughed by April 23, 2020 and this figure rose to 6.3 million by May 3, 2020
and 9.4 million (or around a third of total employment) by July 12, 2020 (HMRC, 2020).
23 In Appendix Table D.12 we present the R2 from linear probability models of job loss
and furloughing separately for each country, controlling for different sets of covariates.
Across all countries, occupation fixed effects explainmore of the variation in job loss com-
pared to industry fixed effects, while the opposite holds true for a model of furloughing
(see columns (1) and (2)). Contractual arrangement variables have similar explanatory
power to industry fixed effects.
24 Similarly, Brewer et al. (2020) find that the average change in hours worked for those
in employment was 7 h between early March and late April 2020.
As explained in Section 3, different labormarket policies were put in
place in the three different countries to buffer the economic impact of
the pandemic. Given the differences in the way these policies were ad-
ministered, a broader question which emerges is whether the different
policy responses mask actual cross-country differences (or similarities)
in the impact of Covid-19 on the labor market. To shed more light on
this question, we conduct an additional analysis which does not rely
on howworkers' status is defined. Instead, we study how hours worked
changed between February and April for workers who had a job in Feb-
ruary (irrespective of their current work status). The results are re-
ported in Appendix Fig. D.20. The figure shows the proportion of
workers who reported working zero hours when surveyed in April
(this includes people who lost their jobs), worked fewer (but positive)
hours, the same, or more hours compared to a typical week in February,
separately for each country. As illustrated by this graph, the lower job
lossfigureswe find for Germany are not amere artefact of howworkers'
status is defined in the different countries. In Germany, a much smaller
share of workers who had a job in February worked zero hours in April,
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and a much higher share worked the same number of hours or more.25

These patterns cannot be explained by labellingdifferences across coun-
tries.We further illustrate the change in hoursworked in all three coun-
tries in Appendix Fig. D.22. Hours worked dropped considerably across
the distribution of usual hours worked for the UK and the US, whereas
for Germany a large proportion of workers worked the same number
of hours in April as in a typical week in February.

5. Conclusion

The Covid-19 crisis has had large impacts on the economy. The re-
sults from our study suggest that the impacts are unequally distributed.
The percentage of tasks workers can do from home is highly predictive
of job loss and so are individual work arrangements. Firms have played
some role in smoothing the shock for permanent and salaried em-
ployees, and for those who usually work on fixed schedules.

In the US and UK, women and workers without a college degree are
significantly more likely to have lost their jobs, while younger individ-
uals are significantly more likely to experience a fall in their earnings.
25 InAppendix FigureD.21we limit the sample to the self-employed and split bymedian labor
the pandemic were considerably more likely to work zero hours in April. Low-wage gig worke
preneurs with higher earnings.
26 Note that the definition of job loss is the same for employees and self-employed workers,
The outlook on the future is bleak with many workers expecting to
lose their jobs in the near future.

Finally, we find large differences in the magnitude of the shock
between the anglophone countries, the US and the UK, and Ger-
many. The anglophone countries have seenmuchmore employment
ties cut. This might not only lead to an increase in the number of
people suffering hardship at the moment, but it could also prove
important for the period of economic recovery as match-specific
human capital might be lost. The pandemic is likely to bring about
a large reallocation of workers. Understanding the forces at work
and how they interplay with institutional factors is of high policy
importance.
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Appendix A. Survey design
Work status and hours worked
We collect detailed information on respondents' current work arrangements.We ask respondents to report howmany jobs they have been working
in over the past 7 days, either as employees or as self-employed.Wemade it explicit that individuals should count all jobs, including the ones inwhich
they have been furloughed (US &UK) or on short-timework (Germany). Individuals who report not having a job are asked sincewhen they have not
had a job andwhether their job loss was related to the coronavirus outbreak.Workers are classified as having lost their job in the recent crisis if they
lost their job in the last fourweeks and report ‘definitely yes’ or ‘probably yes’ to the question onwhether their job losswas related to the coronavirus
outbreak.26 To study changes in the number of hours worked, we ask all respondents howmany hours they worked in the previous week and how
many hours they worked in a typical week in February.
Information on furloughing/STW

To obtain a better understanding of the use of furloughing (US & UK) and STW schemes (Germany), we include questions on furloughing into the US
& UK surveys, and questions on STW into the German survey. In the US and the UK, if respondents report being employed in their main job we ask
them to report whether they have been furloughed, and, if yes, whether they have still been asked by their employer to do any work. In the UK, re-
spondents provided us with additional information on whether their employer is topping up the government wage support, and whether they lost
any annual leave entitlements. In theUS,we additionally askwhether employees lost their health insurance coverage. InGermany,we ask employees
whether theywere on the STW scheme.We further ask respondents to state the official share of their usual hours that they are asked towork, and for
the share of hours that they actually work.
Job characteristics

Individuals who report having a job are asked detailed questions about their main job. First, they are asked whether they are employed or self-
employed in this job. If they report being employed they are asked to provide more details on their employment. In particular, employees are
asked to report whether they are on a permanent or temporary contract, whether their work schedule is fixed or flexible, and whether they are sal-
aried or non-salaried, i.e. paid in a differentway for their work (e.g. by the hour). All respondents with a job are further asked to provide information
on the industry and occupation theywork in. Occupations are classified usingO*NET SOC 2018 codes for the US&UK, and ISCO-08 codes for Germany.
Industries are classified using NACE Rev. 2 industry codes in all three countries. To study the importance of the ability to work from home, we ask all
respondents what percentage of their tasks they could do from home. Answers are recorded using a slider ranging from 0 to 100%. To ease compre-
hension of this question, we provide participants with some examples. ‘E.g. Andy is a waiter and cannot do any of his work from home (0%). Beth is a
website designer and can do all her work from home (100%)’. Individuals who report not having a job are asked the same questions about their last
job.
Income

To obtain a clearer picture of the impacts of the crisis and the earnings lost, we ask all individuals in the early April survey wave to report their net
monthly earnings from all sources for the months of January, February, and March. Throughout the paper, we define ‘earnings loss’ as a binary var-
iable that takes a value of one if a respondent earned less inMarch 2020 compared to their average earnings over themonths of January and February
2020. In addition, we ask respondents about their gross annual earnings in 2019.We also ask respondents to state whether they have already strug-
gled to pay their usual bills or expenses.
Time use

We ask respondents to report the time they spend on different activities on a typical working day over the past week. For individuals with children
living in the household, we ask about the number of hours and minutes spent on active childcare and on homeschooling.
Expectations

To obtain a better sense of how individuals think about their future, we ask respondents how likely they think it is that certain events will
occur before August 1, 2020, on a 0–100% chance scale. Most notably, those include whether respondents think they will lose their job or
income in2019. In all three countries, self-employedworkerswho had lowearnings before
rs, who are subsumed under that category, seem to be more affected compared to entre-

as it is based on the same information.
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shut their business (if self-employed), and have trouble paying their usual bills and expenses. To understand how long individuals think the
crisis will last, we also ask individuals to report how likely they think it is that some form of social distancing measures will still be in place on
August 1, 2020, using a 0–100% scale. Finally, former employees are asked how likely they think it is that their next job will be with their last
employer.

Appendix B. Questionnaire
ployment status and hours worked
How many jobs, where self-employment activity counts as a job, did you have in February 2020? Please think of any work you did other than completing
surveys. If you were furloughed from a job, please count this as a job.
Many people work as employees, where they have an employment contract with an employer, or in self-employment. There is a lot of variation in self-em-
ployment, some people might be selling goods or services in their own business, or working through a digital platform such as Uber or Upwork. In addition to
working a regular job for an employer, sometimes people do other things to earn money. These activities also count as self-employment. [None, 1, 2, 3 or
more]
[If worked at least one job in February] Think about a typical week in February for you at work (in all of your jobs). How many hours did you work in a
typical week in February? [Answers in 5-hour increments, from 0 to “More than 55 hours”]
Howmany jobs, where self-employment activity counts as a job, have you had last week? Please think of any work you did other than completing surveys. If
you were furloughed from a job, please count this as a job.
Many people work as employees, where they have an employment contract with an employer, or in self-employment. There is a lot of variation in self-em-
ployment, some people might be selling goods or services in their own business, or working through a digital platform such as Uber or Upwork. In addition to
working a regular job for an employer, sometimes people do other things to earn money. These activities also count as self-employment. [None, 1, 2, 3 or
more]
[If worked at least one job last week] Now think about all the work you did last week (in all of your jobs). Howmany hours did you work last week? [An-
swers in 5-hour increments, from 0 to “More than 55 hours”]
[If reports working zero jobs last week] Please think about your last job. In your last job, were you working as an employee or self-employed? [Employee,
Self-employed]
[If reports working at least one job last week] In your main job, that is the job that you usually spend the most time working in, are you working as an
employee or self-employed? [Employee, Self-employed]
[For current employees] Have you been furloughed?27 [Yes, No]
[If reports working zero jobs last week] For how long have you not had a job? [Recorded in weeks/months]
[If reports working zero jobs last week] If you lost your job recently, do you think this was related to the coronavirus outbreak? [Answers on 5-item scale,
from “Definitely yes” to “Definitely no”, with additional option “I did not lose my job recently”]
27
Income

Which category represents your total individual annual income (before taxes) in 2019? This should includemoney from all jobs, net income from a business
or farm, and any rent, pensions, dividends, interest, social security payments or other money income you received. [Answers on 12-point scale, from “Less
than $10,000” to “$150,000 or more”].
Please think about your earnings from all your jobs over the last few months. After tax, how much did you approximately earn in the following months?
[Number in local currency for January 2020, February 2020 and March 2020].
Job characteristics

Questions phrased to refer to main or last job, depending on the respondent's employment status.
What sort of occupation best describes this job? [O*NET SOC 2018 major groups for US and UK; ISCO-08 major groups for Germany].
What category best describes the industry you work in? [NACE Rev. 2 industry classification].
[For current or former employees] Do you have a permanent contract? [Yes, No].
[For current or former employees] Is your job salaried or how do you get paid? [Salaried, Hourly, Paid by the job, Commission or tips only, Other]
[For current or former employees] Are the number of hours you work fixed or do they vary? [Fixed, Vary - I choose howmany hours I work, Vary - My
employer decides how many hours I work but I am guaranteed some work each week, Vary - I am an on-call worker]
In your job, what percentage of the tasks could you do from home? Examples: Andy is a waiter and cannot do any of his work from home (0%). Beth is a
website designer and can do all her work from home (100%). [Answer on 0–100 slider]
Time use

Please think about last week and the time you spent on various activities. On a typical working day, how many hours did you spend… [Answers in hours
and minutes].

• … outside your home for work?
• … outside your home for leisure?
• … working from home?
• … home-schooling children?
• … actively caring for children (other than home-schooling)?
For Germany, we asked whether you have been on short-time work.
Expectations
On a scale of 0–100%, how likely do you think it is that some form of social distancing measures will be in force in your state [country] on 1st August 2020?
On a scale of 0–100%, how likely are the following scenarios to occur before 1st August 2020?
• I will lose my job or shut my business if self-employed.
• I will have troubles paying my usual bills and expenses.
[For former employees] On a scale of 0–100%, how likely do you think it is that your next job will be with your last employer?



11A. Adams-Prassl et al. / Journal of Public Economics 189 (2020) 104245
Appendix C. Comparison with nationally representative data

Table C. 1
Distribution of respondents across regions - UK.
Data source: Office for National Statistics (2019).
Region
Sc
N
W
N
N
Y
W
E
So
So
E
G

A
A
A
A
A
A
A
A
A
A

B
B
B
B
B
H
H
M
N
N
R
Sa
Sa
Sa
Sc
Th

Fe
U
b

3

National
 March
 April
otland
 8.42
 8.48
 8.54

orthern Ireland
 2.76
 2.57
 2.80

ales
 4.79
 4.83
 4.87

orth East
 4.06
 4.08
 4.12

orth West
 11.00
 11.02
 11.11

orkshire and the Humber
 8.24
 8.28
 8.34

est Midlands
 8.80
 8.86
 8.92

ast Midlands
 7.27
 7.32
 7.38

uth West
 8.59
 8.63
 8.70

uth East
 13.70
 13.79
 13.87
ast of England
 9.29
 8.91
 8.03

reater London
 13.15
 13.24
 13.32

bservations
 3974
 4931
O
Notes: National figures refer to the latest available estimates for the population of residents aged 18 or above.

Table C. 2
Distribution of respondents across area codes - US.
Data source: U.S. Census Bureau, Population Division (2019).
Region
 National
 March
 April
rea code 0
 7.40
 7.39
 7.40

rea code 1
 10.33
 10.32
 10.32

rea code 2
 10.04
 10.04
 10.05

rea code 3
 14.41
 14.41
 14.40

rea code 4
 10.02
 10.02
 10.03

rea code 5
 5.25
 5.25
 5.25

rea code 6
 7.17
 7.17
 7.18

rea code 7
 11.94
 11.94
 11.95

rea code 8
 7.13
 7.12
 7.13

rea code 9
 16.30
 16.34
 16.30

bservations
 4003
 4000
O
Notes: National figures refer to the latest available estimates for the population of residents aged 18 or above.

Table C. 3
Distribution of respondents across states - Germany.
Data source: Statistische Ämter des Bundes und der Länder (2018).
Region
 National
 April
aden-Württemberg
 13.33
 13.29

ayern
 15.75
 15.74

erlin
 4.39
 4.40

randenburg
 3.03
 3.02

remen
 0.82
 0.82

amburg
 2.22
 2.22

essen
 7.55
 7.55

ecklenburg-Vorpommern
 1.94
 1.97

iedersachsen
 9.62
 9.62

ordrhein-Westfalen
 21.60
 21.59

heinland-Pfalz
 4.92
 4.92

arland
 1.19
 1.20

chsen
 4.91
 4.90

chsen-Anhalt
 2.66
 2.65

hleswig-Holstein
 3.49
 3.50

üringen
 2.58
 2.60

bservations
 4002
O
Notes: National figures refer to the latest available estimates for the population of residents.

Table C. 4
Demographics of the population and surveys.
US
 UK
 DE
CPS
 April
 LFS
 April
 SOEP
 April
male
 0.480
 0.582
 0.471
 0.552
 0.479
 0.475

niversity
 0.394
 0.494
 0.361
 0.488
 0.272
 0.287

30
 0.234
 0.255
 0.222
 0.281
 0.171
 0.398

0–39
 0.225
 0.264
 0.232
 0.333
 0.210
 0.284
(continued on next page)
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able C. 4 (continued)
4
5

M
B
C
A
Li
C
Le
E
A
H
H
P
Fo
B
P
S
O
Fa
C
In
P

A
M
M
E
W
C
W
T
A
In
Fi
R
P
A
P
E
H
A
O

US
 UK
 DE
CPS
 April
 LFS
 April
 SOEP
 April
0–49
 0.201
 0.215
 0.220
 0.238
 0.209
 0.146

0–59
 0.197
 0.136
 0.220
 0.114
 0.267
 0.132

0+
 0.143
 0.130
 0.105
 0.033
 0.144
 0.040
6
Notes: The table shows themean demographic characteristics of economically active individuals in our April samples, aswell as nationally representative samples, for the US, UK and Ger-
many. For the US, we use the February 2020 monthly CPS data, for the UK the 2019 LFS data, and for Germany the 2018 SOEP data as a benchmark.
Table C. 5

Distribution across occupations of the population and surveys.
US
 UK
 DE
CPS
 April
 LFS
 April
 SOEP
 April
anagement
 0.092
 0.114
 0.146
 0.102
 Management
 0.050
 0.116

usiness and financial operations
 0.060
 0.087
 0.068
 0.089
 Academic
 0.199
 0.110

omputer and mathematical
 0.038
 0.073
 0.030
 0.065
 Technician, comparable non-tech.
 0.248
 0.155

rchitecture and engineering
 0.022
 0.019
 0.032
 0.030
 Office and administration
 0.095
 0.190

fe, physical, and social science
 0.011
 0.023
 0.018
 0.020
 Service and retail
 0.152
 0.190

ommunity and social service
 0.018
 0.019
 0.019
 0.023
 Farming, fishing, and forestry
 0.011
 0.019

gal
 0.011
 0.018
 0.010
 0.016
 Craftsmen and women
 0.095
 0.077

ducational instruction and library
 0.063
 0.078
 0.072
 0.085
 Mechanical
 0.061
 0.027

rts, design, entertainment, sports, media
 0.023
 0.035
 0.027
 0.039
 Auxiliary
 0.085
 0.103

ealthcare practitioners and technical
 0.064
 0.043
 0.052
 0.038
 Military
 0.003
 0.012

ealthcare support
 0.033
 0.045
 0.015
 0.042

rotective service*
 0.021
 0.011
 0.024
 0.014

od preparation and serving
 0.055
 0.072
 0.036
 0.073

uilding, grounds cleaning, maintenance
 0.029
 0.016
 0.032
 0.017

ersonal care and service
 0.026
 0.051
 0.043
 0.026

ales and related
 0.100
 0.101
 0.072
 0.101

ffice and administrative support
 0.109
 0.074
 0.129
 0.105

rming, fishing, and forestry
 0.008
 0.010
 0.012
 0.004

onstruction and extraction
 0.056
 0.032
 0.044
 0.023

stallation, maintenance, and repair
 0.031
 0.019
 0.022
 0.013

roduction
 0.050
 0.032
 0.038
 0.041

ransportation and material moving
 0.080
 0.029
 0.059
 0.034
T
Notes: The table shows the breakdownby occupation of economically active individuals in our April samples, aswell as nationally representative samples, for theUS, UK andGermany. For
theUS, weuse the February 2020monthly CPS data, for theUK the 2019 LFS data, and for Germany the 2018 SOEP data as a benchmark. For theUK,wematchUK SOC2010 codes to O*NET
SOC 2018 codes byfirstmatching the UK codes to the ISCO-08 codes and then onto O*NET SOC 2018 codes formajor groups. (*) IncludesMilitary occupations, which the CPS data does not
record amongst its occupation codes.
Table C. 6

Distribution across industries of the population and surveys.
US
 UK
 DE
CPS
 April
 LFS
 April
 SOEP
 April
griculture, forestry and fishing
 0.016
 0.022
 0.011
 0.012
 0.011
 0.037

ining and quarrying
 0.005
 0.011
 0.004
 0.016
 0.002
 0.022

anufacturing
 0.095
 0.082
 0.092
 0.089
 0.198
 0.090

lectricity, gas, air cond supply
 0.095
 0.082
 0.092
 0.089
 0.198
 0.090

ater supply, sewerage, waste
 0.005
 0.013
 0.007
 0.023
 0.006
 0.055

onstruction
 0.071
 0.064
 0.072
 0.063
 0.050
 0.068

holesale, retail, repair of vehicle
 0.130
 0.073
 0.122
 0.092
 0.114
 0.052

ransport and storage
 0.050
 0.033
 0.049
 0.042
 0.052
 0.050

ccommodation and food services
 0.071
 0.067
 0.053
 0.059
 0.036
 0.050

formation and communication
 0.018
 0.083
 0.043
 0.066
 0.039
 0.125

nancial and insurance activities
 0.049
 0.067
 0.040
 0.062
 0.032
 0.036

eal estate activities
 0.021
 0.023
 0.013
 0.013
 0.009
 0.012

rof, scientific, technical activ.
 0.079
 0.065
 0.079
 0.044
 0.051
 0.024

dmin and support services
 0.035
 0.043
 0.047
 0.048
 0.045
 0.032

ublic admin and defence*
 0.046
 0.012
 0.067
 0.039
 0.070
 0.059

ducation
 0.094
 0.103
 0.105
 0.120
 0.079
 0.046

ealth and social work
 0.141
 0.081
 0.136
 0.090
 0.152
 0.096

rts, entertainment and recreation
 0.019
 0.044
 0.026
 0.037
 0.017
 0.023

ther service activities
 0.043
 0.084
 0.028
 0.051
 0.021
 0.058

ouseholds as employers
 0.005
 0.012
 0.001
 0.007
 0.006
 0.009
H
Notes: The table shows the breakdown by industry of economically active individuals in our April samples, as well as nationally representative samples, for the US, UK and Germany. For
the US, we use the February 2020 monthly CPS data, for the UK the 2019 LFS data, and for Germany the 2018 SOEP data as a benchmark. The industry groups refer to the NACE Rev. 2
industry codes. For the US, we matched the Census Codes from the CPS into NACE Rev. 2 codes. (*) Includes “Extraterritorial organisations”, which the CPS data does not record amongst
the industry codes.



Fig. D.1. Timeline of coronavirus outbreak and policy responses. Notes: This figure illustrates the exact timing of events with regard to the coronavirus outbreak (red) and themain policy
responses (green) in (a) the US, (b) the UK, and (c) Germany. The dates when the surveys were launched are marked in blue.

Appendix D. Additional tables and figures
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Fig. D. 2. Change in community mobility. Notes: The figure shows the percentage change in retail and workplace mobility using data from the Google COVID-19 Community Mobility re-
ports. Google uses anonymized location data provided by apps such as Google Maps to construct these measures. The retail trend shows the change in visitors at places like restaurants,
cafes, shopping centers, theme parks, museums, libraries, and movie theaters. The workplaces trend shows how the number of visitors to workplaces has changed relative to the period
before the pandemic.
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Fig. D. 3. Employment status by occupation (early April). Notes: The figure shows the share of workers who are employed (blue - right), furloughed for the US/UK or on STW for Germany
(yellow - middle) or lost their job due to the Covid-19 crisis (red - left), by occupation. The sample is restricted to employees (in their current or last job) only.
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Fig. D. 4. Share of tasks that can be done fromhome by industry. Notes: The figure shows box plots for the share of tasks thatworkers in each industry can do fromhome, separately for the
US (left), UK (center) and Germany (right). The industries are ordered by themean share of tasks that can be done from home. The gray boxes illustrate the 25th to the 75th percentile, the
black line the median, and the whiskers are the values that are furthest away from the median on either side of the box, but are still within a distance of 1.5 times the interquartile range
from the nearest quartile.
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Fig. D. 5. Share of tasks that can be done from home by occupation. Notes: The figure shows box plots for the share of tasks that workers in each occupation can do from home, separately
for the US (left), UK (center) and Germany (right). The occupations are ordered by themean share of tasks that can be done from home. The gray boxes illustrate the 25th to the 75th per-
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Fig. D. 6. Share of tasks that can be done from home versus job loss probability due to Covid-19 by industry. Notes: Each bubble represents an industry and the size is proportional to the
number of observationswe have for that industry. Thefigure shows the average share of tasks that can be done fromhome by industry on the x-axis and the share ofworkers that their jobs
due to Coronavirus on the y-axis.
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Fig. D. 7. Share of tasks that can be done from home versus job loss probability due to Covid-19 by occupation. Notes: Each bubble represents an occupation and the size is proportional to
the number of observationswe have for that occupation. Thefigure shows the average share of tasks that can be done fromhomeby occupation on the x-axis and the share ofworkers that
their jobs due to Coronavirus on the y-axis.
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Fig. D. 8. Share of tasks that can be done from home by occupation-industry pairs. Notes: Joint data for US and UK from the April wave of the surveys. Cells with less than 10 observations
are dropped. The darker the color of a cell, the higher the share of tasks that can be done from home. The legend on the right indicates the levels of the share of tasks that can be done
from home.

19A. Adams-Prassl et al. / Journal of Public Economics 189 (2020) 104245



Fig. D. 9. Jobs lost due to Coronavirus by occupation and industry. Notes: Joint data for US and UK from the April wave of the surveys. Cells with less than 10 observations are dropped. The
darker the color of a cell, the higher the job-loss probability. The legend on the right indicates the levels of the job-loss probabilities.
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Fig. D. 10. Share ofworkerswith a university degree versus share of tasks that can be done fromhome by industry. Notes: Each bubble represents an industry and the size is proportional to
the number of observationswehave for that industry. Thefigure shows the share ofworkerswith a university degree by industry on the x-axis and the share of tasks that can be done from
home on the y-axis.
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Fig. D. 11. Share of workers with a university degree versus share of tasks that can be done from home by occupation. Notes: Each bubble represents an occupation and the size is
proportional to the number of observations we have for that occupation. The figure shows the share of workers with a university degree by occupation on the x-axis and the share of
tasks that can be done from home on the y-axis.
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Fig. D. 12. Industry fixed effect for job loss. Notes: The thin black bars represent the 95% confidence intervals. The bars represent coefficients for occupation fixed effects from the
regressions in Table 2 columns (2), (4), and (6) for the US, UK and Germany, respectively. Agriculture, forestry and fishing is the baseline industry.
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Fig. D. 13. Occupation fixed effect for job loss. Notes: The thin black bars represent the 95% confidence intervals. The bars represent coefficients for occupation fixed effects from the
regressions in Table 2 columns (2), (4), and (6) for the US, UK and Germany, respectively. Management is the baseline occupation.
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Fig. D. 14.Hours spent on a “typical”work day during the past week on active childcare and home schooling. Notes: Data from the April wave of the surveys. The thin black bars represent
the 95% confidence intervals. The figure shows average number of hours that men and women reported spending on childcare and homeschooling. We restrict the sample to individuals
with children who report working from home, and whose answers to the time use questions combined do not exceed 24 h.
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Fig. D. 15. Average percentage drop in earnings from January/February toMarch. Notes: The line is computed by splitting respondents with average earnings between 10 and 5000 in the
respective currency into earnings deciles and the gray area is the 95% confidence interval.
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Fig. D. 16. Distribution of perceived likelihood of struggling with bills/expenses. Notes: Data from the April wave of the surveys. This figure displays the distribution of the perceived
likelihood of struggling to pay usual bills/expenses in the near future (before August 1st) in the US (left), UK (center) and Germany (right). Responses to this question are recorded on
a 0–100% scale.
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Fig. D. 17. Change in hours worked (conditional on working) vs jobs lost due to Coronavirus by industry. Notes: Each bubble represents an industry and the size is proportional to the
number of observationswe have for that industry. Thefigure shows the average change inhours between a usual and the lastworkweekby industry on the x-axis and the share ofworkers
that their jobs due to Coronavirus on the y-axis.
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Fig. D. 18. Change in hours worked by occupation. Notes: The thin black bars represent the 95% confidence intervals. The figure shows the change in hours worked between a usual work
week in February and the last work week amongst those still working for the US (top), the UK (center) and Germany (bottom).
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Fig. D. 19. Change in hoursworked (conditional onworking) vs jobs lost due to Coronavirus by occupation. Notes: Each bubble represents an occupation and the size is proportional to the
number of observations we have for that occupation. The figure shows the average change in hours between a usual and the last work week by occupation on the x-axis and the share of
workers that their jobs due to Coronavirus on the y-axis.
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Fig. D.21. Hours worked of the self-employed compared to a typical week by country. Notes: Data from the April wave of the surveys. The self-employed are split by median total labor
income in 2019. The thin black bars represent the 95% confidence intervals. Whether a worker works less or the same a usual is judged compared to a typical week in February before the
pandemic. Those working zero hours include those that have lost their job.
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Fig. D. 20. Hours worked compared to a typical week by country. Notes: Data from the April wave of the surveys. The thin black bars represent the 95% confidence intervals. Whether a
worker works less or the same as usual is judged compared to a typical week in February before the pandemic. Those working zero hours include those that have lost their job.
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Fig. D. 22. Hours worked in a typical week compared to in April. Notes: The figure shows the conditional probabilities of working a certain amount of hours in the April survey given the
amount of hours normallyworked in a typicalweek in February for (a) theUS, (b) theUK, and (c) Germany. The darker the color of a cell, the higher the probability. The legend on the right
indicates the levels of the transition probabilities. Each row sums to one.
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Table D.1
Job loss probability - Waves 1 and 2.
Ta

W

Fe

U

3

4

5

6

P

Sa

Fi

C

O
R
R

Ta

Se

P

Sa

Fi

C

O
R
R
O

United States
 United Kingdom
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
sks from home
 −0.2685***
 −0.2436***
 −0.2395***
 −0.1858***
 −0.1503***
 −0.1581***

(0.0117)
 (0.0129)
 (0.0129)
 (0.0112)
 (0.0126)
 (0.0126)
ave 2 (April)
 0.0905***
 0.0940***
 0.0929***
 0.0882***
 0.0889***
 0.0879***

(0.0088)
 (0.0087)
 (0.0087)
 (0.0080)
 (0.0080)
 (0.0079)
male
 0.0423***
 0.0394***
 0.0214**
 0.0213**

(0.0097)
 (0.0097)
 (0.0086)
 (0.0085)
niversity degree
 0.0028
 0.0101
 −0.0064
 −0.0039

(0.0097)
 (0.0100)
 (0.0086)
 (0.0086)
0–39
 −0.0049
 −0.0034
 0.0050
 0.0148

(0.0118)
 (0.0118)
 (0.0104)
 (0.0103)
0–49
 0.0044
 0.0037
 −0.0061
 0.0009

(0.0129)
 (0.0130)
 (0.0114)
 (0.0114)
0–59
 0.0015
 −0.0016
 −0.0242*
 −0.0206

(0.0148)
 (0.0148)
 (0.0135)
 (0.0134)
0+
 0.0241
 0.0211
 0.0039
 −0.0021

(0.0160)
 (0.0160)
 (0.0195)
 (0.0193)
ermanent
 −0.0301***
 −0.1162***

(0.0097)
 (0.0110)
laried
 −0.0335***
 0.0048

(0.0113)
 (0.0101)
xed hours
 0.0337***
 −0.0035

(0.0097)
 (0.0098)
onstant
 0.2557***
 0.2178***
 0.2330***
 0.1363***
 0.1003***
 0.1996***

(0.0401)
 (0.0431)
 (0.0434)
 (0.0148)
 (0.0219)
 (0.0232)
bservations
 6289
 6282
 6280
 7024
 7010
 7009

2
 0.1007
 0.1257
 0.1296
 0.0553
 0.0801
 0.0994

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 Yes
 No
 Yes
 Yes
O
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The sample includes respondents to the March and April survey waves for the US and the UK. The
dependent variable is a binary variable for whether a respondent lost their job within the past month and attributed the job loss to the coronavirus outbreak, and zero if they did not.
Tasks from home is the fraction of tasks respondents could do from home in their main or last job. Permanent, salaried and fixed hours take value 1 for employees with permanent con-
tracts, who are salaried andwhosework hours are fixed, respectively. Region fixed effects refer to state fixed effects for the US, and fixed effects for regions as reported in Table C.1 for the
UK.

Table D.2
Job and earnings loss probability (weighted).
Job loss
 Earnings loss
US
 UK
 DE
 US
 UK
 DE
sks from home
 −0.2395***
 −0.1928***
 −0.0761***
 −0.1180***
 −0.0774**
 −0.0035

(0.0283)
 (0.0258)
 (0.0237)
 (0.0367)
 (0.0332)
 (0.0371)
lf-employed
 −0.0942***
 −0.0290
 0.0514
 0.0018
 0.0552
 0.0563

(0.0305)
 (0.0386)
 (0.0450)
 (0.0422)
 (0.0523)
 (0.0669)
ermanent
 −0.0648***
 −0.1726***
 −0.1036***
 0.0142
 −0.0515
 −0.0281

(0.0225)
 (0.0302)
 (0.0325)
 (0.0281)
 (0.0410)
 (0.0369)
laried
 −0.0596**
 0.0193
 0.0009
 −0.1410***
 −0.0107
 −0.1040***

(0.0233)
 (0.0198)
 (0.0179)
 (0.0299)
 (0.0259)
 (0.0353)
xed hours
 0.0155
 0.0017
 0.0056
 −0.0949***
 −0.1628***
 −0.0729***

(0.0224)
 (0.0187)
 (0.0146)
 (0.0296)
 (0.0265)
 (0.0274)
onstant
 0.3856***
 0.3571***
 0.1108**
 0.5211***
 0.3535***
 0.3021***

(0.1138)
 (0.1282)
 (0.0519)
 (0.1504)
 (0.1056)
 (0.0995)
bservations
 2995
 3760
 3354
 2396
 3111
 3165

2
 0.1607
 0.1131
 0.1471
 0.1350
 0.1160
 0.1106

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

dustry F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable in Columns 1–3 is a binary variable for whether a respondent lost their job
within the past month and attributed the job loss to the coronavirus outbreak. The dependent variable in Columns 4–6 is a binary variable for whether a respondent earned less inMarch
2020 than the average earnings over January and February 2020. In Columns 4–6 the sample is restricted to thosewhowere inwork at the time of data collection. Tasks from home is the
fraction of tasks respondents could do from home in theirmain or last job. Self-employed is a binary variable for being self-employed in themain or last job. Permanent, salaried and fixed
hours take value 1 for employees with permanent contracts, who are salaried and whose work hours are fixed, respectively. Region fixed effects refer to state fixed effects for the US and
Germany, and fixed effects for regions as reported in Table C.1 for the UK.



Table D.3
Job loss probability - individual characteristics (weighted).
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United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 0.0484**
 0.0383*
 0.0325**
 0.0330**
 −0.0208
 −0.0164

(0.0198)
 (0.0202)
 (0.0162)
 (0.0163)
 (0.0138)
 (0.0145)
niversity degree
 −0.0852***
 −0.0010
 −0.0632***
 −0.0025
 −0.0225
 −0.0116

(0.0196)
 (0.0202)
 (0.0154)
 (0.0160)
 (0.0140)
 (0.0200)
0–39
 −0.0160
 −0.0016
 0.0034
 0.0133
 −0.0290*
 −0.0001

(0.0261)
 (0.0255)
 (0.0197)
 (0.0203)
 (0.0159)
 (0.0157)
0–49
 −0.0133
 −0.0036
 −0.0011
 0.0006
 −0.0139
 0.0089

(0.0274)
 (0.0280)
 (0.0208)
 (0.0218)
 (0.0181)
 (0.0182)
0–59
 0.0364
 0.0467
 −0.0010
 −0.0024
 −0.0305*
 −0.0109

(0.0341)
 (0.0322)
 (0.0264)
 (0.0271)
 (0.0160)
 (0.0155)
0+
 0.0064
 0.0009
 −0.0231
 −0.0265
 0.0653*
 0.0647*

(0.0318)
 (0.0313)
 (0.0361)
 (0.0340)
 (0.0368)
 (0.0360)
asks from home
 −0.2365***
 −0.1939***
 −0.0694***

(0.0285)
 (0.0260)
 (0.0221)
elf-employed
 −0.0988***
 −0.0257
 0.0363

(0.0304)
 (0.0390)
 (0.0452)
ermanent
 −0.0630***
 −0.1700***
 −0.1078***

(0.0227)
 (0.0303)
 (0.0326)
alaried
 −0.0551**
 0.0187
 −0.0007

(0.0240)
 (0.0202)
 (0.0178)
xed hours
 0.0133
 −0.0001
 0.0100

(0.0225)
 (0.0186)
 (0.0144)
onstant
 0.2206**
 0.3628***
 0.1537***
 0.3451***
 0.0973***
 0.1296**

(0.0952)
 (0.1147)
 (0.0334)
 (0.1289)
 (0.0229)
 (0.0539)
bservations
 3016
 2995
 3804
 3760
 3541
 3354

2
 0.0550
 0.1644
 0.0153
 0.1156
 0.0703
 0.1572

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is a binary variable for whether a respondent lost their job within the past
month and attributed the job loss to the coronavirus outbreak. Tasks fromhome is the fraction of tasks respondents could do from home in theirmain or last job. Self-employed is a binary
variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours
are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.

Table D.4
Job loss probability - individual characteristics.
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
asks from home
 −0.3313***
 −0.2308***
 −0.0524***

(0.0182)
 (0.0168)
 (0.0111)
male
 0.0372**
 0.0306**
 −0.0012

(0.0161)
 (0.0130)
 (0.0081)
niversity degree
 −0.0240
 −0.0210
 0.0003

(0.0164)
 (0.0130)
 (0.0092)
0–39
 −0.0116
 0.0306*
 −0.0214**

(0.0199)
 (0.0157)
 (0.0099)
0–49
 −0.0152
 0.0291*
 −0.0129

(0.0213)
 (0.0174)
 (0.0119)
0–59
 0.0217
 0.0020
 −0.0173

(0.0246)
 (0.0218)
 (0.0123)
0+
 0.0272
 0.0186
 0.0323

(0.0257)
 (0.0361)
 (0.0202)
elf-employed
 −0.1720***
 −0.0795***
 −0.0052

(0.0226)
 (0.0260)
 (0.0169)
ermanent
 −0.0789***
 −0.1784***
 −0.0556***

(0.0169)
 (0.0207)
 (0.0113)
alaried
 −0.0853***
 −0.0111
 −0.0169

(0.0187)
 (0.0156)
 (0.0105)
xed hours
 −0.0032
 −0.0074
 0.0066

(0.0168)
 (0.0153)
 (0.0094)
onstant
 0.3564***
 0.3200***
 0.2721***
 0.1718**
 0.0775***
 0.1352***

(0.0111)
 (0.0904)
 (0.0094)
 (0.0681)
 (0.0059)
 (0.0309)
bservations
 3006
 3014
 3772
 3804
 3393
 3536

2
 0.0990
 0.1228
 0.0475
 0.0947
 0.0065
 0.0674

egion F.E.
 No
 Yes
 No
 Yes
 No
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is a binary variable for whether a respondent lost their job within the past
month and attributed the job loss to the coronavirus outbreak. Tasks fromhome is the fraction of tasks respondents could do from home in theirmain or last job. Self-employed is a binary
variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours
are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.



Table D.5
Probability of job loss II.
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U

N
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3

4

5

6

Ta

H

H

C

O
R

United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 0.0261
 0.0269
 −0.0047
 −0.0042
 0.0099
 0.0110

(0.0193)
 (0.0193)
 (0.0208)
 (0.0208)
 (0.0101)
 (0.0101)
umber of kids
 −0.0103
 −0.0120
 0.0027
 0.0028
 0.0033
 0.0022

(0.0105)
 (0.0105)
 (0.0090)
 (0.0091)
 (0.0056)
 (0.0057)
umber of kids x female
 0.0072
 0.0074
 0.0215*
 0.0210*
 −0.0164*
 −0.0177*

(0.0134)
 (0.0134)
 (0.0122)
 (0.0123)
 (0.0091)
 (0.0092)
hanged work patterns for care
 0.0257*
 0.0113
 0.0221**

(0.0151)
 (0.0127)
 (0.0086)
niversity degree
 −0.0036
 −0.0049
 −0.0067
 −0.0071
 0.0051
 0.0036

(0.0163)
 (0.0163)
 (0.0131)
 (0.0131)
 (0.0102)
 (0.0103)
0–39
 −0.0022
 0.0007
 0.0242
 0.0241
 −0.0163
 −0.0158

(0.0198)
 (0.0198)
 (0.0158)
 (0.0158)
 (0.0104)
 (0.0104)
0–49
 −0.0055
 −0.0013
 0.0169
 0.0186
 −0.0132
 −0.0110

(0.0212)
 (0.0212)
 (0.0174)
 (0.0176)
 (0.0124)
 (0.0125)
0–59
 0.0159
 0.0230
 −0.0043
 −0.0020
 −0.0212*
 −0.0169

(0.0242)
 (0.0244)
 (0.0216)
 (0.0218)
 (0.0127)
 (0.0128)
0+
 0.0078
 0.0165
 0.0138
 0.0172
 0.0280
 0.0336

(0.0255)
 (0.0259)
 (0.0362)
 (0.0365)
 (0.0207)
 (0.0208)
sks from home
 −0.2573***
 −0.2587***
 −0.1929***
 −0.1945***
 −0.0390***
 −0.0414***

(0.0219)
 (0.0219)
 (0.0197)
 (0.0199)
 (0.0132)
 (0.0132)
lf-employed
 −0.1001***
 −0.1010***
 −0.0485*
 −0.0496*
 0.0051
 0.0059

(0.0230)
 (0.0230)
 (0.0260)
 (0.0261)
 (0.0176)
 (0.0176)
ermanent
 −0.0626***
 −0.0642***
 −0.1732***
 −0.1740***
 −0.0511***
 −0.0515***

(0.0166)
 (0.0167)
 (0.0206)
 (0.0207)
 (0.0116)
 (0.0116)
laried
 −0.0588***
 −0.0586***
 0.0129
 0.0127
 −0.0198*
 −0.0189*

(0.0185)
 (0.0185)
 (0.0156)
 (0.0157)
 (0.0109)
 (0.0109)
xed hours
 0.0009
 0.0023
 −0.0114
 −0.0104
 0.0052
 0.0071

(0.0165)
 (0.0165)
 (0.0152)
 (0.0153)
 (0.0097)
 (0.0098)
onstant
 0.4376***
 0.4236***
 0.2450***
 0.2423***
 0.1299***
 0.1133***

(0.0891)
 (0.0894)
 (0.0685)
 (0.0710)
 (0.0359)
 (0.0368)
bservations
 2995
 2993
 3759
 3746
 3354
 3348

2
 0.1621
 0.1631
 0.1180
 0.1183
 0.0689
 0.0708

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

dustry F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable in Columns 1–6 is a binary variable for whether a respondent lost their job
within the past month and attributed the job loss to the coronavirus outbreak. Tasks from home is the fraction of tasks respondents could do from home in their main or last job. Self-
employed is a binary variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employees with permanent contracts, who are salaried
and whose work hours are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.

Table D.6
Hours spent on a “typical” work day during the past week on active childcare or home schooling.
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 1.0663**
 0.9021*
 1.2538***
 1.2373***
 1.8465***
 1.8568***

(0.4758)
 (0.4818)
 (0.2238)
 (0.2236)
 (0.4508)
 (0.4480)
niversity degree
 0.1077
 0.1043
 0.1961
 0.2005
 −0.1497
 −0.3216

(0.4910)
 (0.4902)
 (0.2302)
 (0.2301)
 (0.5032)
 (0.5049)
umber of kids
 0.0790
 0.0786
 0.6184***
 0.6249***
 −0.3323
 −0.3005

(0.2359)
 (0.2356)
 (0.1288)
 (0.1286)
 (0.2595)
 (0.2589)
arried
 0.4534
 0.4647
 0.3673
 0.3758
 1.4849***
 1.6198***

(0.5525)
 (0.5524)
 (0.2602)
 (0.2603)
 (0.4655)
 (0.4669)
0–39
 −0.4830
 −0.4904
 0.6391**
 0.6397**
 1.3540**
 1.1695**

(0.5743)
 (0.5759)
 (0.2699)
 (0.2702)
 (0.5226)
 (0.5272)
0–49
 −0.0719
 −0.0982
 −0.0413
 −0.0413
 −0.0911
 −0.0024

(0.6219)
 (0.6290)
 (0.3043)
 (0.3069)
 (0.6182)
 (0.6157)
0–59
 −1.6476*
 −1.8368*
 −2.2041***
 −2.1552***
 −2.4099**
 −2.4477**

(0.9919)
 (1.0013)
 (0.4440)
 (0.4457)
 (1.2040)
 (1.1962)
0+
 −1.6823
 −1.7829
 −2.9806***
 −3.0226***
 1.5229
 1.3897

(1.1566)
 (1.1550)
 (0.9515)
 (0.9509)
 (3.5818)
 (3.5957)
sks from home
 −0.7789
 −0.8137
 −1.0187***
 −1.0978***
 −0.7983
 −0.7194

(0.7520)
 (0.7647)
 (0.3928)
 (0.4018)
 (0.7514)
 (0.7820)
ours worked outside home
 −0.0631
 −0.1137**
 −0.2074**

(0.0814)
 (0.0472)
 (0.0879)
ours worked from home
 0.1067
 −0.0520
 −0.1076

(0.0678)
 (0.0367)
 (0.0841)
onstant
 1.1854
 1.2252
 2.7605**
 3.0701***
 3.3157**
 3.8524**

(2.3639)
 (2.3616)
 (1.1043)
 (1.1092)
 (1.6472)
 (1.6568)
bservations
 429
 429
 1273
 1273
 343
 343

2
 0.2726
 0.2810
 0.1530
 0.1575
 0.4044
 0.4166
(continued on next page)
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United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

dustry F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is the number of hours spent on child care or home schooling on a typical day
during the last week. Tasks from home is the fraction of tasks respondents could do from home in their main or last job. Region fixed effects refer to state fixed effects for the US and Ger-
many, and fixed effects for regions as reported in Table C.1 for the UK.
Table D.7

Perceived probability of job loss.
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 −0.0998***
 −0.0590***
 −0.0533***
 −0.0100
 0.0220**
 0.0449***

(0.0138)
 (0.0141)
 (0.0106)
 (0.0107)
 (0.0102)
 (0.0095)
niversity degree
 0.0198
 0.0167
 0.0136
 0.0092
 0.0589***
 0.0237**

(0.0140)
 (0.0146)
 (0.0106)
 (0.0108)
 (0.0117)
 (0.0118)
0–39
 0.0129
 0.0075
 −0.0491***
 −0.0243*
 0.0009
 0.0161

(0.0185)
 (0.0176)
 (0.0135)
 (0.0129)
 (0.0129)
 (0.0117)
0–49
 0.0084
 0.0022
 −0.1407***
 −0.0873***
 −0.0897***
 −0.0208

(0.0195)
 (0.0189)
 (0.0147)
 (0.0144)
 (0.0153)
 (0.0140)
0–59
 −0.1269***
 −0.0849***
 −0.2361***
 −0.1571***
 −0.1444***
 −0.0596***

(0.0229)
 (0.0220)
 (0.0183)
 (0.0177)
 (0.0156)
 (0.0143)
0+
 −0.2102***
 −0.1505***
 −0.2514***
 −0.2087***
 −0.1854***
 −0.1116***

(0.0239)
 (0.0232)
 (0.0317)
 (0.0299)
 (0.0271)
 (0.0241)
asks from home
 0.1105***
 0.1180***
 0.1409***

(0.0200)
 (0.0166)
 (0.0152)
elf-employed
 0.0059
 −0.1077***
 −0.0932***

(0.0206)
 (0.0231)
 (0.0205)
ermanent
 0.0443***
 −0.0778***
 0.0026

(0.0152)
 (0.0186)
 (0.0135)
laried
 −0.0244
 −0.0297**
 −0.1080***

(0.0163)
 (0.0129)
 (0.0125)
xed hours
 −0.0368**
 −0.0587***
 −0.0299***

(0.0150)
 (0.0125)
 (0.0111)
easures still in August
 0.3562***
 0.2170***
 0.2154***

(0.0238)
 (0.0203)
 (0.0164)
onstant
 0.3804***
 0.1608**
 0.4165***
 0.3478***
 0.3407***
 0.3378***

(0.0639)
 (0.0801)
 (0.0214)
 (0.0563)
 (0.0182)
 (0.0420)
bservations
 2402
 2382
 3115
 3094
 3179
 3116

2
 0.1320
 0.2713
 0.0831
 0.2333
 0.0766
 0.3075

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is a binary variable for whether a respondent lost their job within the past
month and attributed the job loss to the coronavirus outbreak. Tasks fromhome is the fraction of tasks respondents could do from home in theirmain or last job. Self-employed is a binary
variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours
are fixed, respectively. ‘Measures still in August’ refers to the perceived probability of some social distancing measures being in place in August. Region fixed effects refer to state fixed
effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.
Table D. 8

Earnings loss probability - in-work respondents.
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 0.0126
 0.0143
 0.0082
 0.0273
 0.0104
 0.0130

(0.0202)
 (0.0217)
 (0.0166)
 (0.0174)
 (0.0145)
 (0.0151)
niversity degree
 −0.1501***
 −0.0758***
 −0.0206
 0.0287
 −0.0022
 0.0325*

(0.0209)
 (0.0226)
 (0.0169)
 (0.0176)
 (0.0165)
 (0.0177)
0–39
 −0.0129
 −0.0044
 −0.0777***
 −0.0447**
 −0.0567***
 −0.0288

(0.0271)
 (0.0272)
 (0.0209)
 (0.0211)
 (0.0182)
 (0.0185)
0–49
 −0.0484*
 −0.0676**
 −0.0686***
 −0.0219
 −0.0302
 0.0019

(0.0286)
 (0.0291)
 (0.0229)
 (0.0235)
 (0.0218)
 (0.0223)
0–59
 −0.0973***
 −0.1084***
 −0.0994***
 −0.0612**
 −0.0465**
 −0.0121

(0.0335)
 (0.0339)
 (0.0285)
 (0.0290)
 (0.0222)
 (0.0228)
0+
 −0.1044***
 −0.1290***
 −0.1045**
 −0.0861*
 −0.1176***
 −0.1072***

(0.0349)
 (0.0356)
 (0.0491)
 (0.0485)
 (0.0382)
 (0.0382)
asks from home
 −0.1224***
 −0.1258***
 −0.0990***
 −0.0785***
 −0.0280
 −0.0281

(0.0274)
 (0.0304)
 (0.0236)
 (0.0269)
 (0.0213)
 (0.0239)
lf-employed
 0.0293
 0.1045***
 0.0678**

(0.0319)
 (0.0377)
 (0.0326)
ermanent
 −0.0230
 −0.0147
 0.0078
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United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
(0.0234)
 (0.0303)
 (0.0214)

laried
 −0.0683***
 −0.0472**
 −0.0641***
(0.0252)
 (0.0210)
 (0.0198)

xed hours
 −0.0699***
 −0.1087***
 −0.0901***
(0.0231)
 (0.0204)
 (0.0176)

onstant
 0.4013***
 0.4164***
 0.3640***
 0.3751***
 0.1789***
 0.2812***
(0.0939)
 (0.1225)
 (0.0347)
 (0.0901)
 (0.0272)
 (0.0650)

bservations
 2405
 2396
 3123
 3111
 3201
 3165

2
 0.0661
 0.1207
 0.0214
 0.0932
 0.0139
 0.0712

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. Sample is restricted to those whowere inwork at the time of the survey. The dependent variable is a
binary variable forwhether a respondent earned less inMarch 2020 than the average earnings over January and February 2020. Tasks fromhome is the fraction of tasks respondents could
do from home in their main or last job. Self-employed is a binary variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employees
with permanent contracts, who are salaried and whose work hours are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for
regions as reported in Table C.1 for the UK.
Table D. 9

Earnings loss probability - in-work respondents (weighted).
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 0.0199
 0.0286
 0.0082
 0.0359*
 0.0015
 0.0056

(0.0253)
 (0.0266)
 (0.0209)
 (0.0206)
 (0.0219)
 (0.0226)
niversity degree
 −0.1550***
 −0.0837***
 −0.0162
 0.0357*
 −0.0442*
 0.0020

(0.0260)
 (0.0284)
 (0.0211)
 (0.0212)
 (0.0268)
 (0.0283)
0–39
 −0.0327
 −0.0179
 −0.0924***
 −0.0511*
 −0.0193
 0.0151

(0.0358)
 (0.0359)
 (0.0265)
 (0.0264)
 (0.0293)
 (0.0311)
0–49
 −0.0963***
 −0.1036***
 −0.0830***
 −0.0342
 0.0138
 0.0591

(0.0366)
 (0.0377)
 (0.0286)
 (0.0288)
 (0.0349)
 (0.0374)
0–59
 −0.1604***
 −0.1629***
 −0.1110***
 −0.0680**
 −0.0008
 0.0446

(0.0414)
 (0.0417)
 (0.0341)
 (0.0327)
 (0.0319)
 (0.0339)
0+
 −0.1474***
 −0.1560***
 −0.1400***
 −0.1224**
 −0.0598
 −0.0479

(0.0449)
 (0.0452)
 (0.0498)
 (0.0499)
 (0.0393)
 (0.0393)
sks from home
 −0.1136***
 −0.1150***
 −0.0965***
 −0.0899***
 −0.0037
 −0.0039

(0.0333)
 (0.0366)
 (0.0296)
 (0.0331)
 (0.0322)
 (0.0385)
lf-employed
 0.0241
 0.0723
 0.0608

(0.0411)
 (0.0529)
 (0.0682)
ermanent
 −0.0026
 −0.0383
 −0.0284

(0.0279)
 (0.0417)
 (0.0376)
laried
 −0.1099***
 −0.0150
 −0.1087***

(0.0301)
 (0.0266)
 (0.0357)
xed hours
 −0.0894***
 −0.1614***
 −0.0780***

(0.0290)
 (0.0263)
 (0.0271)
onstant
 0.4849***
 0.5682***
 0.3458***
 0.3615***
 0.1251***
 0.2591**

(0.1251)
 (0.1482)
 (0.0398)
 (0.1056)
 (0.0377)
 (0.1042)
bservations
 2398
 2396
 3111
 3111
 3169
 3165

2
 0.1025
 0.1587
 0.0251
 0.1244
 0.0371
 0.1178

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. Sample is restricted to those whowere inwork at the time of the survey. The dependent variable is a
binary variable forwhether a respondent earned less inMarch 2020 than the average earnings over January and February 2020. Tasks fromhome is the fraction of tasks respondents could
do from home in their main or last job. Self-employed is a binary variable for being self-employed in themain or last job. Permanent, salaried and fixed hours take value 1 for employees
with permanent contracts, who are salaried and whose work hours are fixed, respectively. Region fixed effects refer to state fixed effects for the US and Germany, and fixed effects for
regions as reported in Table C.1 for the UK.
Table D. 10

Probability of being furloughed.
United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
male
 −0.1497***
 −0.1131***
 −0.0367**
 0.0252
 0.0210
 0.0276*

(0.0179)
 (0.0193)
 (0.0166)
 (0.0175)
 (0.0161)
 (0.0166)
niversity degree
 0.0096
 −0.0057
 −0.0215
 −0.0066
 0.0875***
 0.0092

(0.0179)
 (0.0198)
 (0.0167)
 (0.0178)
 (0.0182)
 (0.0208)
0–39
 −0.0217
 −0.0157
 −0.1693***
 −0.1276***
 0.0655***
 0.0519**

(0.0234)
 (0.0234)
 (0.0209)
 (0.0209)
 (0.0204)
 (0.0202)
0–49
 −0.0111
 0.0173
 −0.2183***
 −0.1454***
 −0.0467*
 −0.0500**
(continued on next page)
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United States
 United Kingdom
 Germany
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
(0.0250)
 (0.0251)
 (0.0231)
 (0.0235)
 (0.0242)
 (0.0246)

0–59
 −0.1108***
 −0.0578*
 −0.2912***
 −0.1884***
 −0.1830***
 −0.1166***
(0.0299)
 (0.0297)
 (0.0296)
 (0.0299)
 (0.0252)
 (0.0251)

0+
 −0.1512***
 −0.0914***
 −0.2830***
 −0.2237***
 −0.2239***
 −0.1651***
(0.0308)
 (0.0312)
 (0.0516)
 (0.0508)
 (0.0438)
 (0.0423)

asks from home
 0.0940***
 0.0246
 0.0871***
(0.0274)
 (0.0276)
 (0.0265)

ermanent
 0.1486***
 0.1698***
 0.0509**
(0.0181)
 (0.0259)
 (0.0218)

laried
 −0.0549***
 −0.1091***
 −0.1311***
(0.0206)
 (0.0198)
 (0.0206)

xed hours
 −0.0426**
 −0.0649***
 −0.0509***
(0.0180)
 (0.0192)
 (0.0183)

onstant
 0.3706***
 0.3041***
 0.5939***
 0.5541***
 0.5267***
 0.6088***
(0.0822)
 (0.1078)
 (0.0337)
 (0.0905)
 (0.0278)
 (0.0753)

bservations
 2415
 2391
 3289
 3238
 3221
 3000

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes

ccupation F.E.
 No
 Yes
 No
 Yes
 No
 Yes

dustry F.E.
 No
 Yes
 No
 Yes
 No
 Yes
In
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variable is a binary variable for whether a respondent reported being on furlough /
STW at the time of our April surveywave. The sample is restricted to current or former employees only. Tasks from home is the fraction of tasks respondents could do from home in their
main or last job. Permanent, salaried and fixed hours take value 1 for employees with permanent contracts, who are salaried and whose work hours are fixed, respectively. Region fixed
effects refer to state fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.
Table D. 11

Multinomial logit - employment status.
United States
 United Kingdom
 Germany
No job
 Furloughed
 No job
 Furloughed
 No job
 Furloughed
male
 1.0835
 0.5151***
 1.1968
 1.1888*
 1.0901
 1.1584

(0.1470)
 (0.0652)
 (0.1479)
 (0.1113)
 (0.2108)
 (0.1121)
niversity degree
 0.9127
 0.9559
 0.9048
 0.9510
 0.9869
 1.0202

(0.1230)
 (0.1278)
 (0.1125)
 (0.0909)
 (0.2538)
 (0.1216)
0–39
 0.9971
 0.8912
 0.7829*
 0.5142***
 0.6866
 1.2604**

(0.1612)
 (0.1352)
 (0.1142)
 (0.0570)
 (0.1668)
 (0.1407)
0–49
 0.8808
 1.0553
 0.6641**
 0.4601***
 0.5115**
 0.7225**

(0.1540)
 (0.1715)
 (0.1083)
 (0.0576)
 (0.1619)
 (0.1040)
0–59
 0.9096
 0.6051**
 0.3937***
 0.3177***
 0.4724**
 0.4262***

(0.1780)
 (0.1330)
 (0.0860)
 (0.0527)
 (0.1468)
 (0.0702)
0+
 0.8013
 0.4567***
 0.4076**
 0.2696***
 1.0231
 0.2959***

(0.1626)
 (0.1094)
 (0.1469)
 (0.0766)
 (0.4104)
 (0.0953)
asks from home
 0.1730***
 1.1496
 0.2065***
 0.7861
 0.6297
 1.5582***

(0.0357)
 (0.2114)
 (0.0420)
 (0.1163)
 (0.2082)
 (0.2398)
ermanent
 0.8158
 2.4630***
 0.4268***
 1.6128***
 0.4681***
 1.1912

(0.1014)
 (0.3089)
 (0.0673)
 (0.2420)
 (0.0951)
 (0.1517)
alaried
 0.5902***
 0.6502***
 0.8305
 0.5647***
 0.5782**
 0.5063***

(0.0882)
 (0.0872)
 (0.1119)
 (0.0590)
 (0.1265)
 (0.0570)
xed hours
 0.9409
 0.7536**
 0.8009*
 0.6893***
 1.0752
 0.7623***

(0.1161)
 (0.0893)
 (0.1061)
 (0.0696)
 (0.2201)
 (0.0791)
onstant
 1.5753
 0.6466
 1.3592
 2.7972**
 0.2172
 2.0793*

(1.2493)
 (0.4330)
 (0.8594)
 (1.3312)
 (0.2481)
 (0.8286)
bservations
 2391
 3238
 3000

egion F.E.
 Yes
 Yes
 Yes

ccupation F.E.
 Yes
 Yes
 Yes

dustry F.E.
 Yes
 Yes
 Yes
In
Notes: Multinomial logit regressions. The coefficients represent relative risk ratios. The base category is working and not being furloughed / on STW. The sample is restricted to former or
current employees only. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. Tasks from home is the fraction of tasks respondents could do from home in their main or last job.
Permanent, salaried andfixedhours take value 1 for employeeswith permanent contracts, who are salaried andwhosework hours arefixed, respectively. Region fixed effects refer to state
fixed effects for the US and Germany, and fixed effects for regions as reported in Table C.1 for the UK.
Table D.12

Probability of job loss & furlough.
(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
nited States

b loss R2
 0.0946
 0.0706
 0.1088
 0.0565
 0.0734
 0.1173
 0.1290
 0.1331

rlough R2
 0.0784
 0.0937
 0.1116
 0.0904
 0.0899
 0.1342
 0.1414
 0.1614

bservations
 2406
 2406
 2406
 2406
 2406
 2406
 2406
 2406
nited Kingdom

b loss R2
 0.0581
 0.0360
 0.0652
 0.0160
 0.0408
 0.0688
 0.0911
 0.0937

rlough R2
 0.0527
 0.0868
 0.1018
 0.0528
 0.0567
 0.1244
 0.1268
 0.1463
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(1)
 (2)
 (3)
 (4)
 (5)
 (6)
 (7)
 (8)
bservations
 3280
 3280
 3280
 3280
 3280
 3280
 3280
 3280
ermany

b loss R2
 0.0283
 0.0369
 0.0491
 0.0199
 0.0273
 0.0543
 0.0607
 0.0636

rlough R2
 0.1305
 0.1795
 0.2044
 0.1122
 0.1196
 0.2309
 0.2301
 0.2529

bservations
 3181
 3181
 3181
 3181
 3181
 3181
 3181
 3181

ccupation F.E.
 Yes
 No
 Yes
 No
 No
 Yes
 Yes
 Yes

dustry F.E.
 No
 Yes
 Yes
 No
 No
 Yes
 Yes
 Yes

emographics
 No
 No
 No
 Yes
 No
 Yes
 No
 Yes

ontract type
 No
 No
 No
 No
 Yes
 No
 Yes
 Yes

egion F.E.
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
 Yes
R
Notes: OLS regressions. Standard errors in parentheses. * pb0.1, ** pb0.05, *** pb0.01. The dependent variables are a binary variable for whether a respondent lost their job within the past
month and attributed the job loss to the coronavirus outbreak, and a binary variable for whether the respondent is currently on furlough / STW. The sample is limited to respondentswith-
outmissing answers on all control variables in (8). Demographic characteristics are age, and binary variables forwhether a respondent is female and has at least university level education.
Job contract characteristics are binary variables forwhether a job is permanent, salaried or hadfixed hours. Region fixed effects refer to statefixed effects for theUS andGermany, and fixed
effects for regions as reported in Table C.1 for the UK.
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