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Abstract 

To fight the spread of COVID-19, many countries implemented unprecedented social distancing 
policies. This is the first paper that uses an event-study approach to examine the effects of the 
German social distancing policies on (a) individual behavior and (b) the spread of the epidemic. 
Combining administrative health data and cell phone data, we find that the policies, first, heavily 
reduced citizens’ mobility and, second, strongly contained the epidemic. In comparison to a 
benchmark without social distancing, within three weeks, the policies avoided 84% of the 
potential COVID-19 cases (point estimate: 499.3K) and 66% of the potential fatalities (5.4K). 
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1 Introduction

Since its outbreak in Wuhan, the SARS-CoV-2 virus causing the respiratory disease COVID-

19 has spread across the globe (Zhu et al., 2020; Lu et al., 2020; Wang et al., 2020). To

prevent human-to-human transmission of the virus, many governments have adopted social

distancing (SD) policies. For example, more than 190 countries have implemented nation-

wide school closures.1 These and similar policies aimed at reducing interpersonal contacts

to dissipate the epidemic and, ultimately, save lives.

In this paper, we evaluate the effectiveness of the German social distancing policies in

the fight against COVID-19. We offer two contributions. First, we provide a comprehensive

analysis of the policies. We do not only estimate their impact on confirmed COVID-19 cases

but also on fatalities. Additionally, we investigate if the policies affected certain socio-

demographic groups more than others, and we use cell phone data to link the policies to

changes in mobility behavior. Second, we propose a flexible quasi-experimental empirical

strategy that exploits variation in the spread of COVID-19 at the subnational level. It can

be applied to many settings.

As for the policy variation, we focus on nationwide SD policies that the German federal

and state governments jointly enacted in mid-March 2020. The most significant pieces of

this policy response were Chancellor Merkel’s televised appeal for voluntary social distanc-

ing (March 12), the closure of schools, childcare facilities, and retail stores (March 16), and

the implementation of a national contact ban (March 23).

It is challenging to identify the effects of nationwide SD policies. The impact of such poli-

cies is the difference in an outcome of interest (e.g., confirmed cases) between states of the

world with and without them. After the policy interventions, however, we cannot observe

how the outcome would have developed without the policies. We tackle this problem with

an extended event-study approach that exploits variation at the level of German districts

(NUTS-3 regions; comparable to US counties). Some districts experienced a COVID-19 out-

break several weeks before the policies took effect; others were not yet affected. Hence, we

1See https://en.unesco.org/covid19/educationresponse for current numbers.
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can compare how the outcomes developed after a local outbreak without SD policies (for-

mer districts) and with SD policies (latter districts). This comparison identifies the policies’

effect if, in the counterfactual state without policy interventions, the outcome would have

evolved similarly in both types of districts. We cannot test this assumption directly, but we

verify its plausibility.

Three features render our approach and setting especially suited to estimate the policies’

effects. First, focusing on within-country variation lowers the potential for bias from het-

erogeneity in institutions, measurement, and populations. Particularly, all German districts

faced the same policies, and identical testing and reporting rules. Second, the German data

are sufficiently granular for quantitative impact analysis: 401 districts with varying local

outbreak dates report cases and fatalities to one federal agency. Third, the data quality

is arguably high, and the expected share of undetected cases is lower than in most other

countries (Stafford, 2020).2

Figure 1 gives a graphical account of our key results. It shows how the SD policies af-

fected the number of cases (Subfigure 1A) and fatalities (Subfigure 1B) within three weeks

of implementation. According to our estimates, the policies avoided 499.3 thousand cases

(95% CI: 389.4K-634.1K) and 5.4 thousand fatalities (95% CI: 3.0K-8.7K) until April 2.

Put differently, the policies prevented around 84% of the confirmed cases and 66% of the

fatalities that would have occurred without policy interventions by that time. We find that

the policies’ relative effects were smaller for (a) the oldest age group (60+) and (b) in rural

areas. Our complimentary analysis of cell phone data suggests that, without SD policies,

citizens would not have limited their social contacts to the same extent: According to our

estimates, individuals reduced their mobility by about 30.7% with SD policies. Without

them, they only would have lowered it by 3.9%.

By providing the first comprehensive evaluation of the German SD policies, we add to

a nascent literature that studies the effects of non-pharmaceutical interventions. A first,

small strand of literature exploits policy variation across countries or regions in difference-

2The main reasons why epidemiologists expect a low share of undetected cases in Germany are low case
fatality rates and extensive testing. As of April 22, Germany conducted 2.07 million tests (2.6% of the popu-
lation).
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Figure 1: The effectiveness of social distancing policies in Germany
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B Avoided fatalities
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Notes: This figure summarizes the main take-away message of the paper. Subfigure 1A depicts our estimates
on the number of cases avoided by social distancing policies. By contrast, Subfigure 1B focuses on avoided
fatalities. The three vertical lines mark the Chancellor’s appeal for social distancing (March 12), the nation-
wide school closures (March 16), and the nationwide contact bans (March 23). The dashed lines represent
95% confidence intervals based on district-level-clustered standard errors.

in-difference models to examine the effects of specific non-pharmaceutical interventions

(Courtemanche et al., 2020; Fang et al., 2020; Juranek and Zoutman, 2020). A second,

larger strand of literature examines the impacts of interventions on the COVID-19 spread

based on structural epidemiological models (Chinazzi et al., 2020; Dehning et al., 2020;

Donsimoni et al., 2020; Ferguson et al., 2020; Ferretti et al., 2020; Greenstone and Nigam,

2020; Hellewell et al., 2020; Maier and Brockmann, 2020; Tian et al., 2020).3 We extend the

literature in two dimensions. First, to evaluate policies, we propose a flexible and widely-

applicable approach that exploits district-level variation in the spread of COVID-19.4 As

already highlighted, focusing on within-country variation is valuable as it prevents various

biases. Second, we provide a broad analysis of SD policies: We not only study policy-

induced changes in behavior but, by focusing on fatalities and infections, also examine

3To evaluate policies, structural papers rely on model simulations or before-after comparisons. For exam-
ple, and most closely related to our paper, Dehning et al. (2020) investigate a single time series of German
COVID-19 infections through the lens of a SIR model. They allow for changes in the model’s spread rate
parameter around the time of the policy interventions and interpret the difference between the spread rates
before and after the policy intervention as a policy effect.

4Bartscher et al. (2020) employ a similar empirical strategy to study the role of social capital in the spread
of COVID-19. In contrast to us, they do not focus on the impact of policies.
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how the policies contained the epidemic. Further, we examine if the policies affected some

groups more than others.5

The paper’s structure is as follows: Section 2 introduces the German setup. Section 3

outlines our estimation approach. Section 4 analyzes the effects of SD policies on mobility,

and Section 5 considers effects on confirmed cases and fatalities. Heterogeneity analyses

and robustness analyses are provided in the Sections 6 and 7, respectively. Section 8 con-

cludes.

2 COVID-19 and Social Distancing in Germany

COVID-19 Outbreak: In Germany, COVID-19 spread after the detection of two cases on

February 25, 2020.6 In the following weeks, the infection propagated to the entire country.

On March 20, there were confirmed infections in all but one of the 401 German districts.

Figure A8 in the Online Appendix shows the distribution of district-specific outbreak dates.7

Social Distancing Policies: We classify the policy response into three phases (see Fig-

ure A1 in the Online Appendix). In the first phase, starting with the detection of the first

COVID-19 cases, the German authorities only took limited actions: They put confirmed

and suspected infected persons under quarantine, recommended intensified hygiene prac-

tices to the public, and canceled large events with more than thousand participants around

March 9.

In the second phase, the German federal and state governments agreed on simulta-

neous, nationwide SD policies to limit social contacts of the entire population. The phase

began on March 12, when Chancellor Merkel appealed to all citizens to avoid social contacts

whenever possible. Between March 13-15, the state governments announced the closure

of schools, childcare facilities, and most retail stores starting on March 16. On March 22,

5Available studies typically focus on fewer or different outcomes and other policies. For example, Fang
et al. (2020) investigate the effectiveness of travel restrictions, Juranek and Zoutman (2020) study the effect
of SD policies on hospitalizations, and Courtemanche et al. (2020) study the effect of shelter-in-place orders
on cases in the US. Structural models typically focus on changes in one parameter only (e.g., the spread rate).

6An earlier outbreak detected on January 27 had been completely contained.
7We define the local outbreak date as the first day when ten cases had occurred within two weeks. Figures

A9 and A10 consider other outbreak definitions.
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they declared a strict contact ban: From March 23, meeting more than one person from

outside the household was prohibited and keeping a minimum distance of 1.5 meters was

required. Our analysis identifies the combined effect of these nationwide policies. Data on

internet search behavior suggests that citizens did not anticipate these interventions (see

Figures A16-A19).

The third phase started on April 20, when the authorities gradually relaxed the SD

policies.

COVID-19 Testing: Official guidelines determine who qualifies for a COVID-19 test. Dur-

ing the study period, patients with flu-like symptoms were tested if they had been in contact

with a person diagnosed with COVID-19 or in a high-risk area. This general rule applied in

all federal states and remained almost unchanged.8

3 Event-Study Approach

Because it is impossible to observe the scenarios with and without SD policies simultane-

ously, one cannot estimate the policies’ effects by directly comparing outcomes between

both states. Instead, we need to find a way to approximate the latter, counterfactual sce-

nario. To that end, we present an extended event-study model (Borusyak and Jaravel, 2017;

Kleven et al., 2019; Schmidheiny and Siegloch, 2019). Figure A13 presents the model’s idea

graphically and also highlights its fit to the data.

We denote by Yi t an outcome of interest in district i at date t. For each district i,

epi t imei t denotes the “epidemic time” at date t (i.e., the number of days since the local

outbreak of COVID-19). The event-study regression model reads:

Yi t =
∑

k∈{...,−1,0,1,... }

αk · 1[k = epi t imei t] +
∑

j 6=March 11

β j · 1[ j = t] + εi t . (1)

The first sum contains a separate dummy variable for each day before, at, and after the

district-specific outbreak. The second sum contains a set of dummies for each day be-

fore and after the nationwide SD policies started. We omit the dummy for March 11, the

8After the virus had spread all over Europe, the authorities dropped the high-risk criterion on March 24.
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day before Merkel’s appeal. The α coefficients account for how the outcome would have

developed without the SD policies, while the β coefficients capture the policies’ effects

(henceforth, SD effects). To see why β captures the SD effects, note that the outcome with

SD policies in district i at t is Yi t . The predicted outcome without SD is bYi t = α̂k, where

k = epi t imei t indicates the epidemic time in district i. Consequently, an estimate of the

SD effect at t ≥ March 12 is β̂t = Ei [Yi t] − Ei

�

bYi t

�

. We can estimate α̂ and β̂ separately

because, conditional on the calendar date, there is variation in the districts’ epidemic times.

Two aspects of our approach are essential to note. First, the identifying assumption

(known as “parallel trends”) is that the expected outcome without SD policies would have

been Ei

�

bYi t

�

for t ≥ March 12. Intuitively, this assumption implies that, without SD poli-

cies, the outcomes in districts with outbreaks after the intervention would have developed

similarly as in districts with outbreaks before the intervention. We can conduct plausibil-

ity checks. Before the implementation of the policies, the estimated SD effects β̂t should

not differ from zero. Furthermore, prior to the intervention, the outcomes in districts with

earlier and later outbreaks should be similar conditional on epidemic time. Both checks

suggest that the assumptions hold (see Figures 2-4 and Table A1).9

Second, the further away date t moves from the implementation date, March 12, the

fewer no-SD observations we can use to estimate the counterfactual Ei

�

bYi t

�

and, in con-

sequence, the treatment effect βt .
10 Until April 2, there is, on average, at least one no-SD

control observation per district i. Therefore, our analysis focuses on the policy effects up

to this date. For interested readers, we nevertheless provide estimates from an extended

analysis until the policies’ relaxation on April 19 in the Online Appendix.

9To explicitly allow that the outbreak and fatality patterns change over time, we estimate further specifica-
tions that interact the epidemic time with the calendar time. The long-run SD effects remain almost identical.
This finding is in line with Table A1, which also suggests constant patterns over time.

10To see this, note first that, at the date of the policy intervention, the districts are at epidemic times
between a lower threshold k and an upper threshold k̄. Second, ∆ days after the intervention, the districts
have progressed to epidemic times between k +∆ and k̄ +∆. Loosely speaking, we estimate the treatment
effect by comparing the districts’ outcomes with SD to no-SD outcomes from before the intervention, but with
the same epidemic time above k+∆ (and below k̄). Hence, the larger ∆, the smaller is the number of no-SD
observations that we can use.
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4 Social-Distancing Effects on Mobility

Did citizens limit their human-to-human interactions due to the SD policies? One approach

to studying this question is to examine if the policies changed mobility (Tian et al., 2020).

The rationale is simple: Individuals who travel less or stay at home cut back the personal

contacts outside their household.

Measuring Mobility: When cell phone users move, their phones switch cell towers to

ensure connectivity. From these switches, providers can determine the number of trips

starting or ending in a given geographic zone (Oliver et al., 2020). We obtained data on

the number of trips at the district level from Teralytics, a business partner of Telefónica.

Specifically, for each district i, Ni t denotes the number of trips on date t in March or April

2020, and N̄i(d) is the average number of trips on weekday d ∈ {Monday, ..., Sunday} in

March 2019. Our mobility measure on date t in district i is:

∆Ni t =

�

Ni t

N i(dt)
− 1

�

· 100, (2)

where dt is the weekday corresponding to date t. Hence, the measure adjusts for weekday-

specific mobility patterns. Moreover, it has a simple interpretation: ∆Ni t measures mobility

relative to the number of movements in 2019.

Results: To study the effects of the SD policies on mobility, we use measure (2) as the

outcome of model (1). Figure 2 presents our results graphically. Subfigure 2A plots our

mobility measure with SD policies (red line) and the estimated behavior without policies

(blue line). For each date t, the SD effect corresponds to the vertical difference between

these two lines. Subfigure 2B shows this effect measured in percentage points. In both

subfigures (and all following figures), the dashed lines represent 95% confidence intervals

based on district-level clustered standard errors.

Three observations stand out. First, before the start of the second phase, individuals

hardly changed their behavior relative to the baseline year 2019 (see red line in Subfig-
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Figure 2: The social distancing effect on mobility
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Notes: This figure shows how social distancing policies affect mobility behavior. Subfigure 2A demonstrates
how individuals’ behave in a world with (red line) and without (blue line) social distancing policies. The
spike on March 29 reflects very bad weather conditions at this particular day. Subfigure 2B shows the social
distancing effect measured in percentage points. The three vertical lines mark the Chancellor’s appeal for
social distancing (March 12), the nationwide school closures (March 16), and the nationwide contact bans
(March 23). The dashed lines represent 95% confidence intervals based on district-level-clustered standard
errors.

ure 2A). Second, from March 12 on, citizens became less and less mobile.11 Shortly after

Merkel’s appeal, they traveled slightly less. Mobility decreased more sharply and persis-

tently, however, after the school and business closures on March 16. From March 16 to

April 2, individuals traveled, on average, 30% less than in 2019. This reduction is six times

larger than the estimated change without SD policies (-3.9%). Third, the effects of SD

policies on mobility are large over the entire second phase, although they decrease over

time (see Subfigure 2B). In sum, Figure 2 suggests that the SD policies reduced mobility

considerably and, presumably, also social contacts.

Further Evidence: In the Online Appendix, we provide additional descriptive evidence

that Germans became less mobile after the implementation of SD policies. For example,

they reduced their trips to workplaces by more than 30% and used public transportation

by about 50% less (see Figure A14).

11Note that we do not find changes in individuals’ mobility before March 12, suggesting that the cancellation
of large events around March 9 did not affect this type of behavior.
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5 Social-Distancing Effects on Cases and Fatalities

Next, we explore if SD policies effectively constrained the spread of COVID-19. Again, we

focus on the period until April 2. Figures A2 and A3 provide our estimates for the extended

period until April 19.

Measuring COVID-19 Cases and Fatalities: The district-level health offices are legally

obliged to report confirmed COVID-19 cases and fatalities to the federal Robert Koch Insti-

tute, which collates and publishes these data daily (Robert Koch-Institut, 2020b). We use

the data set provided on April 30.12 Figures A6 and A7 show descriptive statistics. The data

quality is comparatively high. First, the share of undetected cases is expected to be lower

than in many other countries (Stafford, 2020). Second, all COVID-19 cases and fatalities

are laboratory-confirmed. Third, all health offices apply the same testing and reporting cri-

teria. Fourth, the data contain information on the day of the first symptoms for most cases

and fatalities.13 Additionally, we gathered state-level data on the numbers of conducted

COVID-19 tests for robustness checks.

Results for Confirmed COVID-19 Cases: To study the SD effects on COVID-19 cases,

we use the inverse hyperbolic sine (IHS) of the cumulative number of confirmed cases

in each district as the outcome in model (1).14 To simplify the interpretation, Figure 3

presents our estimation results re-transformed to cases (rather than IHS-values). Subfigure

3A displays how the confirmed cases per district evolve with (red line) and without (blue

line) SD policies, using a log scale.15 Importantly, our analysis is based on the day of the

first symptoms. Therefore, if the blue line lies above the red one, our estimates imply that

the number of individuals suffering from first symptoms at date t would have been higher

without SD policies. Subfigure 3B depicts the corresponding effects of the SD policies on a

12Data download: https://npgeo-corona-npgeo-de.hub.arcgis.com/datasets.
13For asymptomatic cases, the day of the first symptoms is set equal to the registration date.
14The IHS is a commonly used transformation that approximates the natural logarithm for large values.

In contrast to the log, it is defined at zero (Pence, 2006). Hence, it is well-suited to model epidemic growth
processes.

15As the IHS converges to the natural log, both lines depict, approximately, how the geometric means of
confirmed cases evolve.
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linear scale. To make the timing of the policy effects more easily visible, the figure zooms

in on the period until April 2. As the mean incubation period is 5-6 days (WHO-China Joint

Mission, 2020), we do not expect to find significant policy effects before March 16.

Figure 3: The social distancing effect on confirmed cases
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Notes: This figure shows how social distancing policies affect confirmed COVID-19 cases. Subfigure 3A
demonstrates the development of cases in a world with (red line) and without (blue line) social distancing
policies. It shows IHS means per district. Subfigure 3B presents the social distancing effect. The three vertical
lines mark the Chancellor’s appeal for social distancing (March 12), the nationwide school closures (March
16), and the nationwide contact bans (March 23). The dashed lines represent 95% confidence intervals based
on district-level-clustered standard errors.

The key insights from Figure 3 are as follows: First, before the closure of schools, the

case numbers with and without SD policies match closely (see Subfigure 3A). This finding

suggests that our identifying assumption holds. Second, the growth rate of actual cases (red

line) starts to diminish a few days after the start of the nationwide policy response, while

counterfactual cases (blue line) continue to grow at a similar rate as before. Specifically, the

first significant (yet small) SD effects appear on March 18, six days after Merkel’s appeal (see

Subfigure 3B). Given the mean incubation period, the timing of the effects is hence in line

with the policies’ implementation dates. Third, on April 2, our point estimate indicates that

the SD policies reduced COVID-19 cases by about 84% or 846 cases per district. Converted

to the national level, this estimate indicates that the SD policies prevented 499.3 thousand

cases (95% CI: 389.4K-634.1K). The extended analysis suggests that the effects would have
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continued to grow strongly over time. Fourth, we can also interpret our results in terms of

the reproduction number R.16 After the policies’ introduction, R quickly decreased from 2

to below 1. Our estimates suggest that, without SD policies, it would have stayed around

2 until April 2. In summary, the analysis implies that the SD policies effectively contained

COVID-19.

Results for Fatalities: Next, we estimate model (1) with the IHS of the cumulative num-

ber of fatalities as our outcome. Recall that each fatality is reported together with the day

of the patient’s disease onset. Hence, we study the effects of the SD policies on the number

of (eventually) lethal infections that started on date t. Figure 4 presents our estimation

results.17

Figure 4: The social distancing effect on fatalities
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Notes: This figure shows how social distancing policies affect COVID-19 fatalities. Subfigure 4A demonstrates
the development of fatalities in a world with (red line) and without (blue line) social distancing policies. It
shows IHS means per district. Subfigure 4B presents the social distancing effect. The three vertical lines
mark the Chancellor’s appeal for social distancing (March 12), the nationwide school closures (March 16),
and the nationwide contact bans (March 23). The dashed lines represent 95% confidence intervals based on
district-level-clustered standard errors.

The results are in line with those for confirmed cases: The fatalities in the SD and no-SD

scenarios initially follow the same growth path (see blue and red lines in Subfigure 4A). A

16We use the methodology of the Robert Koch-Institut (2020a) to calculate R.
17The abscissa starts with February 26, the first day with ten or more eventually lethal infections.
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few days after the implementation of the policies, however, the scenarios diverge: While

actual growth in fatalities slows down sharply (red line), the number of counterfactual

fatalities continues to grow at a similar rate (blue line). Specifically, the SD effects are

significant from March 21 on and increase strongly over time. We estimate that during the

period March 11 to April 2, the SD policies decreased fatalities by 66% or 8.8 per district.

Transformed to the national level, this estimate suggests that the policies reduced lethal

cases with first symptoms until April 2 by 5.4 thousand (95% CI: 3.0K-8.7K). Again, the

extended analysis hints at steadily growing effects over time.

6 Heterogeneity Analyses

There is growing evidence that some groups are at higher risk to suffer from severe COVID-

19 progressions (Cheng and Shan, 2020; WHO-China Joint Mission, 2020). Notably, inter-

national data show that hospitalization rates increase above 60 years of age. Furthermore,

men seem to be at higher risk than women. Therefore, in the next step, we investigate how

the SD effects differ (a) across age groups, (b) by gender, and (c) between urban and rural

districts.

Figure 5: Heterogeneity of the social distancing effects on confirmed cases
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Notes: This figure shows how the effect of the nationwide social distancing policies on April 2 differed (a)
across age groups, (b) by gender, and (c) between urban and rural districts. The estimates rely on sample
splits and show the percentage of confirmed COVID-19 cases avoided by the nationwide policies. The vertical
lines represent 95% confidence intervals based on district-level-clustered standard errors.

Figure 5 shows the subgroup-specific SD effects on confirmed cases. The estimates rely

on sample splits and indicate the percentages of cases avoided due to the policies until

13



April 2. Three results emerge. First and foremost, we find large effects in all groups. The

point estimates range from 76% to 88%. Second, Figure 5 presents evidence for age-group

heterogeneity. The policies prevented 88% (182.5K) of the cases among individuals below

35 that would have otherwise occurred, 86% (257.5k) of the cases in the medium-age

group, and 76% (76.9k) of the cases among persons of age 60 and above. The difference

between the relative effects in the last and the two former groups is significant at the 5%

level. The finding is in line with the observation that, after the policy intervention, the

share of persons above 60 among all infected persons increased from about 20% (March

11) to 27% (April 2). This age heterogeneity seems plausible: Policies such as school and

business closures likely have stronger implications for the working-age population and for

children and their parents than for retirees. Third, we also find somewhat larger relative

effects for urban districts than for rural districts and for men than for women. While the

former difference is significant at the 10% level, the gender difference is not.

Figure A4 shows the same pattern of subgroup-specific SD effects on fatalities. However,

due to lower numbers, we cannot study some groups and the estimation uncertainty is

higher. Figure A5 extends the analysis until April 19. Again, the patterns are similar.

7 Robustness Analyses

We probe the robustness of our results in various dimensions. First, we explore different

definitions of a local outbreak. Second, we run additional regressions in which we control

for the number of conducted COVID-19 tests per day. Third, we repeat our analysis using

alternative outcome definitions. For example, we drop districts with zero cases or fatalities

and estimate models in logarithms. We also apply the ln(1 + x) transformation to our

outcomes. Fourth, we cluster the standard errors on the state level. Figures A11 and A12

report the corresponding results. All conclusions remain substantially unchanged.

8 Conclusion

This paper provides evidence on the effects of the German social distancing (SD) policies

on (a) individual behavior, (b) confirmed COVID-19 cases, and (c) fatalities. We show that,
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first, the SD policies affected individuals’ mobility. Second, we find that the policies sharply

slowed down the spread of the epidemic: According to our estimates, they precluded about

84% (499.3K) of the COVID-19 cases and about 66% (5.4K) of the related fatalities that

would have occurred without SD policies within three weeks (until April 2). While large

effects emerged across the entire population, the relative effects were smaller for the oldest

age group.

From a broader perspective, we have made a step towards quantifying the effects of SD

policies. At the same time, we believe that we still need a more comprehensive evaluation

of such policies. First, the evidence on confirmed cases may not capture the entire impact

of the policies on the epidemic spread. One reason is that, although we use high-quality

data, not all infections are detected. If the data improve over time, our analysis can be

repeated. Second, we estimate the number of confirmed COVID-19 cases and fatalities

avoided within three weeks after the policies’ introduction. In the medium or long run, the

picture might change in many ways. On the one hand, some of the avoided infections may

have only been shifted to a later time. On the other hand, medical capacities may have

been exceeded without SD policies, resulting in even higher numbers of fatalities. Third,

our analysis identifies the joint effects of all elements of the policy response. Ideally, future

studies find ways to disentangle the effects of appeals for voluntary SD, school closures,

and contact bans. To shed light on these and other issues, researchers could adapt the

event-study approach to new data and settings, including the policies’ removals.
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A Online Appendix (not for publication)

Table A1: Correlations between outbreaks and progression of dependent variables

Panel A. Confirmed cases measured in IHS units after:
1 day 2 days 3 days 4 days 5 days 6 days 7 days

Local outbreak date 0.002 -0.001 0.001 0.007 0.017 0.021 0.016
(0.004) (0.004) (0.005) (0.006) (0.009) (0.012) (0.016)
[0.633] [0.830] [0.903] [0.272] [0.051] [0.081] [0.315]

Panel B. Fatalities measured in IHS units after:
1 day 2 days 3 days 4 days 5 days 6 days 7 days

Local outbreak date -0.005 -0.002 0.001 0.013 0.006 -0.003 0.005
(0.007) (0.008) (0.009) (0.011) (0.015) (0.017) (0.022)
[0.508] [0.814] [0.896] [0.239] [0.675] [0.860] [0.826]

N 337 321 294 265 216 178 138

Notes: This table tests if the epidemic spread depends on the date of the local outbreak. The logic is simple: If,
for example, districts with earlier outbreaks experienced a more rapid spread of COVID-19, then it is unlikely
that these districts constitute a valid counterfactual. The details of the tests are as follows: First, we restrict
our sample to observations before the implementation of SD policies. Second, we estimate bivariate OLS
regressions of local cumulative COVID-19 cases (Panel A) and deaths (Panel B) X days after the local outbreak
on the date of the local outbreak and a constant. Each column displays a different X ∈ (1,2, 3,4, 5,6, 7). As
in the main model, the dependent variables are the inverse hyperbolic sine (IHS) transformation of the local
cumulative case or death count. The table presents heteroscedasticity-robust standard errors in parentheses
and p-values in brackets. With a Bonferroni correction for multiple testing, no correlation is significant (even
at the ten percent level). To see this, note that all p-values exceed the threshold 0.10/7=0.0143 (multiple
testing within a panel) and a fortiori also exceed 0.10/14=0.0071 (multiple testing across panels).
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Figure A1: Timing of social distancing policies in Germany
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Notes: This figure shows the timing of social distancing policies in Germany. On top, it also indicates two key
dates of the COVID-19 spread.
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Figure A2: The epidemic’s spread and social distancing policies in Germany (April 19)
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Notes: This figure depicts the epidemic spread and the effect of social distancing policies in Germany until
April 19. It shows cumulative counts of confirmed COVID-19 cases (Subfigure A2A) and fatalities (Subfigure
A2B) before and after the introduction of social distancing policies. On top of that, Subfigure A2C depicts our
estimates on the number of cases avoided by social distancing policies. By contrast, Subfigure A2D focuses
on avoided fatalities. The three vertical lines mark the Chancellor’s appeal for social distancing (March 12),
the nationwide school closures (March 16), and the nationwide contact bans (March 23). The dashed lines
represent 95% confidence intervals based on district-level-clustered standard errors.
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Figure A3: Social distancing effects in the extended period
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Figure A4: Heterogeneity of the social distancing effects on fatalities (April 2)

D Age categories

Only 11
deaths
before
April 2

Only 212
deaths
before
April 2

-1
00

-9
0

-8
0

-7
0

-6
0

-5
0

-4
0

-3
0

-2
0

Ch
an

ge
 in

 d
ea

th
s 

pe
r d

is
tr

ic
t (

in
 %

)

0-34 35-59 60+

E Gender

-1
00

-9
0

-8
0

-7
0

-6
0

-5
0

-4
0

-3
0

-2
0

Ch
an

ge
 in

 d
ea

th
s 

pe
r d

is
tr

ic
t (

in
 %

)

Male Female

F Area type

-1
00

-9
0

-8
0

-7
0

-6
0

-5
0

-4
0

-3
0

-2
0

Ch
an

ge
 in

 d
ea

th
s 

pe
r d

is
tr

ic
t (

in
 %

)

Rural Urban

Notes: This figure shows how the effect of the nationwide social distancing policies on April 2 differed (a)
across age groups, (b) by gender, and (c) between urban and rural districts. The estimates rely on sample
splits and show the percentage of fatalities avoided by the nationwide policies. The vertical lines represent
95% confidence intervals based on district-level-clustered standard errors.
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Figure A5: Heterogeneity of the social distancing effects (April 19)
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Notes: This figure shows how the effect of the nationwide social distancing policies on April 19 differed (a)
across age groups, (b) by gender, and (c) between urban and rural districts. The estimates rely on sample splits
and show the percentage of cases (first row) and fatalities (second row) avoided by the nationwide policies.
The vertical lines represent 95% confidence intervals based on district-level-clustered standard errors.
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Figure A6: Confirmed COVID-19 cases in Germany by groups
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Notes: This figure shows cumulative counts of confirmed COVID-19 cases before and after the introduction
of social distancing policies. It decomposes COVID-19 cases (a) across age groups, (b) by gender, and (c)
between urban und rural districts.
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Figure A7: COVID-19 fatalities in Germany by groups
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Notes: This figure shows cumulative counts of COVID-19 fatalities before and after the introduction of social
distancing policies. It decomposes fatalities (a) across age groups, (b) by gender, and (c) between urban und
rural districts.
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Figure A8: Distribution of district-specific outbreaks

Notes: This figure shows how the district-specific COVID-19 outbreaks are distributed over time. Local out-
break dates are defined as the first day when ten confirmed COVID-19 cases have occurred within the last
two weeks (where occurred refers to the date of the first symptoms or, if not available, the registry date of
the case).
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Figure A9: Social distancing effects under different outbreak definitions (April 2)
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D Baseline definition of local outbreaks

Our baseline definition of an outbreak is the oc-
currence of ten cases in two weeks. By consider-
ing two weeks (instead of a shorter period), we
ensure that we account for outbreaks that take
some days to progress. Recap that COVID-19 has
an incubation period of 2-14 days. Furthermore,
we use the ten-cases criterium because the prob-
ability that a district registers a new case sharply
increases for low case numbers within two weeks
and approaches 100% after the tenth case.

Notes: This figure shows social distancing effects on April 2 for different local outbreak definitions. Partic-
ularly, it varies how many district-specific COVID-19 cases within two weeks define an outbreak. The figure
presents results for different outcome variables: Subfigure A9A focuses on mobility behavior, Subfigure A9B
on the total number of avoided cases, and Subfigure A9C on the total number of avoided fatalities. Subfigure
A9D discusses our baseline outbreak definition. The vertical lines represent 95% confidence intervals based
on district-level-clustered standard errors.
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Figure A10: Social distancing effects under different outbreak definitions (April 19)
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D Baseline definition of local outbreaks

Our baseline definition of an outbreak is the oc-
currence of ten cases in two weeks. By consider-
ing two weeks (instead of a shorter period), we
ensure that we account for outbreaks that take
some days to progress. Recap that COVID-19 has
an incubation period of 2-14 days. Furthermore,
we use the ten-cases criterium because the prob-
ability that a district registers a new case sharply
increases for low case numbers within two weeks
and approaches 100% after the tenth case.

Notes: This figure shows social distancing effects on April 2 for different local outbreak definitions. Particu-
larly, it varies how many district-specific COVID-19 cases within two weeks define an outbreak. Further, the
figure presents results for different outcome variables: Subfigure A10A focuses on mobility behavior, Subfig-
ure A10B on the total number of avoided cases, and Subfigure A10C on the total number of avoided fatalities.
Subfigure A10D discusses our baseline outbreak definitions. The vertical lines represent 95% confidence
intervals based on district-level-clustered standard errors.
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Figure A11: Further robustness tests for the social distancing effect (April 2)
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Notes: This figure presents the results of several robustness checks. Subfigure A11A focuses on avoided
cases (April 2). Subfigure A11B presents the results for avoided fatalities (April 2). Both subfigures con-
sider five specifications: First, for comparison, they show the baseline specification presented in the main
text. The second specification controls for the number of conducted COVID-19 tests per capita. In the third
specification, we drop observations with zero counts and take logs of the outcome. The fourth specification
keeps observations with zero counts and applies the commonly used ln(1+ y) outcome transformation. The
specifications one to four cluster standard errors on the district level. By contrast, specification five shows
state-level-clustered standard errors for the baseline estimate. The vertical lines represent 95% confidence
intervals.
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Figure A12: Further robustness tests for the social distancing effect (April 19)
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Notes: This figure presents the results of several robustness checks. Subfigure A12A focuses on avoided
cases (April 19). Subfigure A12B presents the results for avoided fatalities (April 19). Both subfigures con-
sider five specifications: First, for comparison, they show the baseline specification presented in the main
text. The second specification controls for the number of conducted COVID-19 tests per capita. In the third
specification, we drop observations with zero counts and take logs of the outcome. The fourth specification
keeps observations with zero counts and applies the commonly used ln(1+ y) outcome transformation. The
specifications one to four cluster standard errors on the district level. By contrast, specification five shows
state-level-clustered standard errors for the baseline estimate. The vertical lines represent 95% confidence
intervals.
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Figure A13: Estimating the world without social distancing from the raw data
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Notes: This figure illustrates our estimation approach graphically. The top (bottom) panel shows how con-
firmed cases on March 11, 2020 (April 2), enter the estimated evolution of cases. All subfigures represent
cases per district (IHS means) on a logarithmic scale. Subfigures A and C show cases conditional on epidemic
time. Black circles indicate raw data. Blue diamonds represent the epidemic time dummies estimated from
(1) and constitute the no-SD policies prediction. Red circles indicate predicted cases with SD policies. For
the omitted base day March 11, blue and red shapes coincide by construction. For April 2, the counterfactual
values (blue diamonds) differ from the SD values (red circles) due to the SD effect: It corresponds to the
mean deviation of April 2 cases from the cases of districts with the same epidemic times before SD policies.
Subfigure A (C) suggests that the model fits the data on March 11 (April 2) very well. Despite the model not
imposing constant growth, the predicted values almost lie on an straight line. The averages of the predictions
in Panel A (C) (i.e., the horizontal dashed lines) form the per district values on March 11 (April 2) represented
in Subfigure B (D).
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Figure A14: Apple mobility trends for Germany

Notes: This figure shows percentage changes in the number of Apple Maps requests for several German cities
and districts. The values are measured relative to a baseline date (Jan 13, 2020). The three vertical lines
mark the Chancellor’s appeal for social distancing (March 12), the nationwide school closures (March 16),
and the nationwide contact bans (March 23). Data: https://www.apple.com/covid19/mobility

34

https://www.apple.com/covid19/mobility


Figure A15: Google mobility trends for Germany

Notes: This figure shows percentage changes in a Google metric based on visits and length of stay at different
places in Germany. The baseline is the median value, for the corresponding day of the week, during the 5-week
period Jan 3-Feb 6, 2020. The upper figure presents location categories with large reductions in mobility. The
bottom figure shows, with more volatility, increases for some places. The downward spikes on April 10 and
13 are due to Easter holidays in Germany. Data: https://www.google.com/covid19/mobility/.
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Figure A16: Google-search trends for COVID-19 and SD policies
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Notes: This figure shows how the relative frequency of Google searches for keywords related to COVID-
19 and the German SD policies evolved from February 12 to April 19 in Germany. For each keyword, the
maximum frequency of searches on a day is normalized to 100, and the frequencies on all other days are
measured relative to this maximum. The three vertical lines mark the Chancellor’s appeal for social distancing
(March 12), the nationwide school closures (March 16), and the nationwide contact bans (March 23). Data:
https://trends.google.de/.
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Figure A17: Google-search trends for mobility-related keywords
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Notes: This figure shows how the relative frequency of Google searches for mobility-related keywords evolved
from February 12 to April 19 in Germany. For each keyword, the maximum frequency of searches on a day is
normalized to 100, and the frequencies on all other days are measured relative to this maximum. The three
vertical lines mark the Chancellor’s appeal for social distancing (March 12), the nationwide school closures
(March 16), and the nationwide contact bans (March 23). Data: https://trends.google.de/.
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Figure A18: Google-search trends for work- and catering-related keywords
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Notes: This figure shows how the relative frequency of Google searches for work-related and catering-related
keywords evolved from February 12 to April 19 in Germany. For each keyword, the maximum frequency
of searches on a day is normalized to 100, and the frequencies on all other days are measured relative to
this maximum. The three vertical lines mark the Chancellor’s appeal for social distancing (March 12), the
nationwide school closures (March 16), and the nationwide contact bans (March 23). Data: https://
trends.google.de/.
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Figure A19: Google-search trends for leisure time activities
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Notes: This figure shows how the relative frequency of Google searches for keywords related to leisure time
activities evolved from February 12 to April 19 in Germany. For each keyword, the maximum frequency
of searches on a day is normalized to 100, and the frequencies on all other days are measured relative to
this maximum. The three vertical lines mark the Chancellor’s appeal for social distancing (March 12), the
nationwide school closures (March 16), and the nationwide contact bans (March 23). Data: https://
trends.google.de/.
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