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Abstract

We investigate the effectiveness of business shutdowns to contain the

Covid-19 disease. In March 2020, Italy shut down operations in a number of

sectors. Using a difference-in-difference approach, we find that municipalities

with higher exposure to closed sectors experience subsequently lower mortal-

ity rates. We estimate the resulting life savings to exceed 12.000 people over

less than a month. Using estimates of remaining life-years, this translates

into monetary benefits of 12 billion Euros We also show that business shut-

downs exhibit rapidly diminishing returns and have effects outside the closed

sectors and in other municipalities. This suggests that effective containment

policies require central coordination.
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1 Introduction

In attempts to contain virus outbreaks, such as Covid-19, policy makers trade off public

health against economic costs. Yet, little is known about how effective containment

policies are, and whether such measures are better organized in a centralized or decen-

tralized way.1 In the wake of economically harmful containment measures, this tradeoff

is under scrutiny. Moreover, as measures are slowly reversed, a discussion has emerged

about decentralizing containment policies, leaving decisions more to local governments,2

and, possibly, even to businesses themselves. Clearly, a localized approach requires

absence of strong spillovers from containment policies. The risk of a potential second

wave underlines the urgency of understanding and quantifying the effects of containment

measures.

The empirical identification of containment effects is challenging, for several reasons.

Policymakers have implemented containment measures in response to a rapidly evolving

pandemic. There is thus no clear counterfactual to the policy – the spread of the virus

will have changed also in the absence of the policy. Containment decisions are also often

clustered as pandemics develop very quickly, making it difficult to isolate the impact

of a specific policy. They tend to be introduced at a time when the general public

becomes very aware of the dangers of the virus, and takes (self-imposed) measures to

reduce the risk of contracting the virus (the spread of the virus may thus slow unrelated

to the policy). These identification issues are compounded by the fact that there is an

uncertain, and variable, lag between contracting the virus and the disease taking effects,

and thus also between policy and health outcomes.

This paper exploits within-country variation in exposure to a nationwide policy to

1In some countries (e.g., the US and Germany) containment policies are largely locally organized,
whereas in others (e.g., the Netherlands), policies are mainly organized at the national level. Contain-
ment policies are not necessarily orchestrated by public authorities. The first lockdowns in Brazil were
imposed by drug gangs in favelas in Rio de Janeiro.

2In Germany, the state of Thuringia is the first to reverse Covid-19 policies, leaving decisions about
containment policies to local municipalities.
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study the impact of business shutdowns on mortality. During March 2020 Italy was

the first country in Europe to completely shut down a selected number of sectors in its

economy. Specifically, on March 11th sectors comprising 17% of the economy (in terms

of employment) were closed; additionally, on March 25th sectors comprising 34% of total

employment were closed. The (nationwide) closure policy affected Italian municipalities

differently due to differences in sectoral exposures. Our empirical strategy is to study

differential changes in mortality patterns across municipalities to this (common) policy.

This allows to control for confounding factors taking place in Italy around the time of

the policy. Our empirical strategy also accounts for heterogeneity across municipalities

arising from the fact that they were at different stages in the pandemic at the time of

the policy. We use a statistical approach to classify the begin of the pandemic in each

municipality, and then examine variation among municipalities with similar (pre-policy)

pandemics.

The results suggest that business shutdowns are effective in saving human lives: mu-

nicipalities with greater exposures to either the first or the second shutdown see a decline

in death rates relative to other municipalities. We undertake a counterfactual analysis

that shows that the first shutdown (which provides cleaner identification than the sec-

ond) saved more than 9000 Italian lives over a period of 23 days. We find the second

shutdown to be less effective (per unit of economy closed down), consistent with the fact

that at that time the virus was already more under control. Estimates of the value of

a statistical life-year imply a large societal benefit from business closures, which for the

first shutdown exceed nine billion Euros.

Our analysis also shows that business shutdowns have important spillovers. Business

closures may affect the spread of the virus outside a municipality because of commuting

(other forms of travel were fairly restricted during our sample period). Consistent with

this we find that shutdown exposure in business centres affects death rates in neighboring

municipalities. The beneficial effect is large, and comparable in size to the impact of a
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municipalities’ own shutdown exposure. We also find that greater shutdown exposure

has a strong effect on parts of the population that is very unlikely to work. This points to

significant contagion effects that reach beyond the firms undertaking economic activities.

The existence of different forms of spillovers points to benefits from centralizing or

coordinating shutdown decisions at a central level.

Our analysis further points at rapidly declining benefits to scale from sectoral shut-

downs. We compare the marginal effectiveness of shutdowns across municipalities that

differ with respect to what proportion of their economy was affected by the first shut-

down. We find that the marginal effectiveness in municipalities with the lowest sector

exposure to be more than three times higher than the average marginal effectiveness

across all municipalities. In addition, (marginal) effectiveness declines monotonically

with the total share of sectors closed down. These results are consistent with a lower ef-

fectiveness of the second shutdown, and suggest benefits from targeted business closures,

rather than widespread closures.

In the wake of the Covid-19 crisis a significant theoretical literature has emerged that

examines optimal policies during a pandemic. This literature emphasizes production

externalities as a rationale for public policies. Production externalities arise when the

provision of goods and services result in the spread of the virus to individuals not directly

involved in the business activities. As firms (and their workers) will not internalize the

social cost of such contagion, they will make inefficient containment decisions, providing

a rationale for government-imposed shutdowns. Our paper is the first to document em-

pirical evidence consistent with such production externalities. Eichenbaum et al. (2020)

study optimal taxation of business activities (which can be interpreted as shutdown in-

tensity) in an environment where the severity of the production externalities vary with

the spread of the virus. Our finding of lower policy effectiveness once the pandemic is

more under control is consistent with the theoretical premises of their model. Krueger

et al. (2020) show that production externalities are mitigated by individuals shifting
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activities to environments that pose less contagion risk. Our estimates – which are net

of such mitigating behavior – suggest that production externalities remain significant.

Calibrating an SIR-model to the US economy, Bethune and Korinek (2020) show that

the social cost of infections exceeds the private cost by factor two, consisting with our

results of large spillovers on individuals that are unlikely to work. Beck and Wagner

(2020) analyze virus contagion across jurisdictions (countries in their model) and show

that interjurisdictional externalities creates a need for coordination of containment poli-

cies. Our findings of strong geographical spillovers provides evidence for the existence

of such externalities.

The various containment measures enacted during the Covid-19 crisis have led to a

very rapidly growing literature that tries to understand their benefits and costs. Several

papers have examined the impact on infections and mortality. Using either time-series

or cross-country variation, these studies have generally concluded that these measures

are effective (see Hartl et al. (2020) for Germany, Qiu et al. (2020) for China, and

Ullah and Ajala (2020) for a cross-country study). Our study, using within-country

variation in exposure to national business shutdowns in Italy, confirms the effectiveness

of containment measures.

The next section describes our empirical approach and data. Section 3 contains the

empirical analysis of death rates in Italian municipalities. Section 4 presents the results.

Finally, section 5 concludes.

2 Methodology and Data

On March 11th the Italian Prime Minister announced a nationwide shutdown of all food,

retail and personal-services activities, except for first-necessity goods. Businesses like

supermarkets, small grocery shops, pharmacies, and newsstand kiosks were allowed to

remained open. Next to business shutdowns, the decree also limited personal mobility.
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Two weeks later, on March 25th, an extension of the duration of the shutdown was

announced. In addition, the list of sectors included in the shutdown was enlarged.

For reasons of identification, our study primarily focuses on the first shutdown. We

study the impact of this shutdown using a difference-in-difference (DD) approach. Given

the lag between a virus infection and (possible) subsequent a death, the “treatment”

date does not coincide with the day the policy was enacted. In particular, it is impossible

for the policy to have any effect on deaths already from the first day after the policy

onwards. Estimates suggest a median of five days between the exposure to the virus

and the occurrence of first symptoms (”the incubation” period, Lauer et al., 2020) and

about eight days between first symptoms and death.3 Thus, the average time to death

across individuals is about 13 days. As the policy should already start to show effects

prior to the average, we take the treatment date to be day 10.

Our empirical model takes the following form:

ym,t = ym,t−1 + γd11t + φ(d11t × PolicyExposure11m)+ (1)

+ηd25t + ψ(d25m × PolicyExposure25m) + FEm + FEt + εm,t,

where y is the number of (Covid-related) deaths in municipality m on day t. We include

the lagged value, ym,t−1, as a determinant since epidemiological models (such as the SIR

model, (Kermack and McKendrick, 1927; Allen, 2017)) show that new infections condi-

tion highly on the prevalent share of infected people in the population. We include two

dummies, d11t and d25t, to indicate the treatment date for the first and second shutdown

(10 days after the respective announcement dates). The variables PolicyExposure11m

and PolicyExposure25m measure the exposure of a municipality to sectors that were

(newly) shut down at the first and second shutdown. We include time and municipality

fixed effects to absorb any day-specific effects and (time-invariant) municipality effects,

3See for example the CS 22/2020 report by the Health Superior Institute at https://www.iss.it/
coronavirus/-/asset_publisher/1SRKHcCJJQ7E/content/id/5304852
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respectively. The inclusion of time fixed effects in particular allows to account for any

(common) effects arising around the shutdowns, for example, due to reduced personal

mobility. Our variable of interest is the interaction coefficient φ, which estimates whether

municipalities with a higher shutdown exposure experience fewer (daily) deaths as a con-

sequence of the policy. If the policy shutdown is effective at reducing the spread of the

virus and thus, ultimately, reduces deaths, the prediction is that the coefficient φ will

enter with a negative sign.

We next describe the calculation of the variables. We construct measures of shut-

down exposure using data on employment and establishments of Italian firms made

available by Italian Statistical Agency (ISTAT). The data provides sectoral data at the

municipality level from the year 2017, including information on the number of employ-

ees and employers, revenues and number of establishments.We construct a (continuous)

municipality-level shutdown exposure Shutdown11m by dividing the total of employees

and employers in sectors shutdown on March 11th by the total number of employees and

employers in the municipality.4 We construct an equivalent measure of the second shut-

down, Shutdown25m, using the employment ratio of sectors that were (newly) shutdown

on the 25th to total employment. Figure 1 depicts sectoral shutdown exposures across

municipalities, ordered by a municipality’s exposure to the first shutdown. We can see

that municipalities differ significantly with respect to the first shutdown exposure (blue

portion).

[Figure 1 here]

In particular, it is interesting to note that the second shutdown exposure exhibits a

4Shutdown sectors correspond to the following European classification of the economic activities
(NACE) codes: ”451”, ”452”, ”473”, ”474”, ”477”, ”478” for the retail industry; ”561”, ”563” for
the food and beverages industry; ”96” for the personal-services industry. We exclude employment in
schooling and sports (NACE codes ”85” and ”931”) from the denominator since these sectors were
already shut down weeks before.
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strong correlation with the first exposure (the correlation coefficient is -0.53).5

We next describe our measure of policy effectiveness, which is based on fatalities

per 100,000 people. ISTAT recently released death registry data on a sample of 6,866

municipalities covering all Italian regions, corresponding to approximately 90% of the

entire population (Italy has 7,904 municipalities in total). The dataset contains the

number of deaths, together with the residence location of the deceased, gender and

age bracket, from January 2020 to mid April 2020. Using death rates offers several

advantages. First, alternative measures based on infections or hospital admissions suffer

from biases.6 For example, a higher number of sampling tests will inevitably show

higher infection rates. In addition, in regions with better healthcare conditions (and

close proximity of hospitals), usage of hospitals will be higher. Many deceased people

who had shown no or mild symptoms (asymptomatics) were simply not accounted in

the official figures because they are not hospitalized (e.g. due to limited capacity of

hospitals). Deaths, by contrast, may be argued to be the ultimate variable of interest.

Second, the collection process for death registry records minimizes reporting lags and

subjectivity in recording information (e.g. residence at time of death). Third, deaths

allow to capture also mortality cases that are indirectly attributable to the Covid-19

disease. For example, recent evidence shows that the number of deaths from heart

attacks more than tripled during the pandemic in Italy (De Rosa et al., 2020), likely

because of hospitals congestion or unavailability of ambulances.

A disadvantage of the death registry data is that it does not allow us to observe the

cause of death. We thus use a statistical method to infer Covid-19-related deaths, based

on deviations from the historical pattern. Specifically, we calculate excess deaths at-

tributable to Covid-19 by deducting from a municipality’s (daily) death rate the average

death rate over the previous five years in the municipality using a rolling window of 7

5This negative correlation is not just mechanical. It persists (albeit with smaller scale) if we calculate
the second shutdown exposure relative to employment in sectors that were not shut down the first time.

6Ciminelli and Garcia-Mandicó (2020) show that there is significant underreporting of Covid-19
deaths in Italy.
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days. We scale excess deaths by the population to arrive at the following measure:

ExcDeathRatem,t =
Deathsm,t,2020 − avgDeathsm,7d,2019−2015

Populationm

× 100, 000 (2)

There is an important source of heterogeneity across municipalities: the virus hit

places in Italy at different points in time. Failing to address this heterogeneity is likely

to lead to an inappropriate econometric specification. In particular, a municipality

that was hit early by the virus may likely display lower growth in contagion (as the

curve has already levelled off) compared to a region with low virus intensity. Due

to the highly non-linear dynamics of a pandemic, municipality-level fixed effects may

not appropriately account for such heterogeneity. We thus condition in our empirical

analysis on the “time of arrival” of the virus to compare municipalities that are at the

same stage of the pandemic. We classify the time of arrival in a municipality based on

two criteria: “anomaly” and “persistence”. The former is measured by the day in which

the cumulative excess deaths in a municipality surpasses one standard deviation of its

distribution over the period January-mid April 2020. For the latter we require that the

cumulative death rate among residents of a municipality m reaches a threshold of 10

deaths per 100,000 inhabitants at any point in time during the sample period. We classify

the time of arrival of a virus as the day where the first criteria is met for a municipality

that fulfills the second criteria (which is time-invariant). Note that according to our

definition, not all municipalities are subjected to the virus (about 500 municipalities in

total). We have visually inspected our classifications for a number of municipalities, and

have found them to be reasonable. Studying the econometric properties, we find that

on average the arrival of the virus lies in between the first and second structural break

of a municipality’s cumulative death rate time series.

To be included in our final dataset, we require a municipality to have been hit by the

virus at some point during the first four months of 2020 as defined by our excess death
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measure. We also require a municipality to have at least 2500 inhabitants, to limit the

influence of noise in the excess-death rate (which is scaled by population). This leaves

us with 3,025 municipalities, spanning 105 provinces and 20 regions. Our sample spans

the period from February 22nd to April 12th.

[Table 1 here]

Table 1 provides the summary statistics. The mean of the ExcDeathRatem,t is 4,

that is, there are four Covid-related deaths a day per 100,000 inhabitants. The average

exposure to the first shutdown, Shutdown11m, is about 17.2%, whereas the average

exposure to the second policy is larger (33.7%). As explained, we will focus mostly on

the first shutdown; the impact of the second shutdown maybe partly confounded by the

first one and hence offers a less clean setting. The table also contains information on the

breakdown of sectors closed on the 11th. We can see that the food and beverage sector

and the retail sector on average are about 7%, whereas the personal services sector is

smaller (less than 3%).

The table also lists several control variables. The Hospitalizp variable is the hospital

capacity in a province p, measured as the sum of the number of all beds available

in hospital, as a fraction of the total population (source: Ministry of Health). To

study spillovers, we also include information on the shutdown exposures of the largest

business centre of the provence where the municipality is located, Shutdown11n and

Shutdown25n. We identify the business centre as the municipality with the highest share

of closed sectors, searching the municipalities with at least 15.000 inhabitants. Next, the

variable WinterTouristsp measures tourist intensity in a province. It is calculated as

(foreign) tourists visits during January and February, scaled by population (either tourist

and residents information is obtained from ISTAT). The top-10 provinces according to

our tourist proxy contains skiing provinces (e.g. Trento, Bolzano, Sondrio) and historical
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cities (e.g. Firenze, Venice, Rome). The WeekArrivalm variable is the number of weeks

that lapsed between the arrival of the virus (calculated as described above) and the

effective date of the first policy (March 21). We can see that on average a municipality

starts experiencing the virus for the first time one month before the first-policy effective

date.

3 Empirical analysis

We start with a graphical analysis of death rates across municipalities over the sample

period. Figure 2 shows excess deaths, comparing municipalities with above and below

the median shutdown exposure.

[Figure 2 here]

As explained before, an important heterogeneity in terms of dynamics among munici-

palities is the time of arrival of the virus. To take this into account, for the construction

of the graph we group municipalities according to the week of the virus arrival. Within

each group we calculate the average excess death rates for municipalities above and

below the median shutdown exposure of this group, and average across groups.

There are three takeaways from Figure 2. First, there is no visible difference among

the two groups prior to (first) treatment date, both in terms of trends but also in terms

of their level. This is confirmed in Table 2, which tests for “parallel-trends” using a

balance variables test, showing that mortality rates do not statistically differ - both in

levels and in changes - among the two groups during the pre-treatment period. This

strengthens the premises of our diff-in-diff analysis.

[Table 2 here]
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Second the policy seems to become effective around date 10, consistent with our priors.

Third, following the effective date, excess deaths decline in high exposure municipalities

relative to low exposure municipalities.

Table 3 contains the OLS estimates for our main empirical model (equation 1). The

regression includes only the municipalities that were hit by the virus (according to our

statistical identification) during the sample period.

[Table 3 here]

The first column reports the results including municipality fixed effects, showing that

the lagged value of mortality rates positively predict next day values. This is consistent

with epidemiological models. The coefficient on the post-treatment time dummy d11t

obtains a positive sign. This is explained by the fact that the policy was initiated in

response to information about a rapidly spreading virus, thus around the time where

contagion rates where peaking. As discussed previously, this points to the endogene-

ity of (national) containment policies, and reinforces the need to use within-country

variation for identification. The interaction term of the treatment dummy and the shut-

down variable obtains a coefficient of -0.0263 that is significant. This indicates that the

shutdown was effective, as municipalities that had a higher share of sectors that were

shutdown saw their death rates declining relative to other municipalities. In column

2, we add dummy variables for each weekday (from Monday to Saturday) to control

for day-of-the-week effects possibly contaminating coefficient estimates. The interaction

effect remains significant, with a similar coefficient.

Column 3 includes exposure to the second shutdown. The interaction term with

the first shutdown increases in (absolute) size, to -0.0363. The dummy for the second

shutdown obtains a negative and significant value, consistent with the second shutdown

taking place at a time of a (nationwide) decline in death rates. The interaction effect with
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the second shutdown exposure, Shutdown25m, obtains a negative value of -0.019 that

is significant. This indicates that the second shutdown was effective as well in reducing

death rates. It is interesting to compare the coefficients for the interaction effects on

the first and second shutdown. The first shutdown obtains a coefficient that is about

twice as large as the second one, indicating that the first shutdown was more effective

per unit of employment. There are several interpretations to this. One is that there

are declining returns to shutting down sectors, an issue to which we will return below.

The final column of the table adds time-fixed effects to the regressions (the weekday

dummies are redundant then and hence dropped). The results are broadly similar.

Our regression results suggest that the business shutdowns implemented in Italy re-

duced mortality arising from Covid-19. The size of the coefficients also shows that the

effect is substantial in economic terms. We can obtain an estimate of the total effect

of the (first) shutdown as follows. Given an average shutdown exposure across munic-

ipalities of 17.2% and a coefficient estimate of -0.04 (last column of Table 3), the first

shutdown reduced daily deaths by 0.68 per 100,000 inhabitants. Given a total popu-

lation of Italy of 60.36 millions this totals to 9, 432 lives saved over our 23-day sample

period. Using estimates for the “Value of Statistical Life”, we can express this into

monetary terms. A common estimate for the value of one year of life in Europe is 80,000

Euros (e.g., Stadhouders et al., 2019). Considering 12 years of average remaining life

of Covid-19 victims (Hanlon et al., 2020), we can calculate the monetary benefit of the

policy to be 9, 432 × 80, 000 × 12yrs = 9 Billion Euros.

The total implied benefit of the second shutdown is lower, mostly on account of the

smaller event window used. Given a coefficient estimate of -0.0196, a mean shutdown

exposure of 33.7% and a period of only 9 days until the end of the sample period, we

obtain live savings of 3,358, amounting to 3.2 billion Euros.

13



3.1 Robustness

Table 4 shows that our results are robust to various modifications in the empirical model,

focusing on the baseline specification of the last column of Table 3.

[Table 4 here]

The first column considers a change in the calculation of the virus arrival time. In

particular, we only classify a municipality to have been hit by the virus if cumulative

death rates surpass two standard deviations of its distribution (in the baseline we used

one standard deviation). This leads to a more restrictive classification. Column (1)

shows that the coefficient on both interaction terms are very similar, if compared to

the baseline estimates.7 In the second column, we shorten the post-treatment period to

April 4th, that is, the treatment date for the second policy. This avoids any confounding

effect stemming from the second policy. The coefficient now increases to -0.0435, which is

consistent with Figure 2 showing that the policy is more effective earlier on. Column (3)

uses logarithmic death rates, to take into account that epidemiological models predict

non-linear relationships. Specifically, we replace excess death rates ym,t by log(ym,t + 1).

The coefficients on both policy interactions remain significant and negative. In column

4 we drop the municipalities in the most hit region (Lombardy) to investigate whether

a single region is driving our results. The interaction term for the first policy remains

negative and significant with a similar coefficient as in the baseline, while the interaction

term for the second policy becomes insignificant. This latter is consistent with the

first policy providing a clearer identification setting. In column (5) we exclude tourist

regions. We expect closures of businesses (such as restaurants) to be less effective in

tourist regions over the sample period, simply because Italy had already shut its borders

7The results are also robust to changing the “anomaly” threshold to the first decile of each munici-
pality cumulative deaths distribution.
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to tourists earlier on. Consistent with this we find that if we exclude tourist regions

the coefficients on the first and second policy interactions increase in absolute terms.

Columns (6) and (7) consider falsification tests, where we move both treatment dates

to 20 days earlier and consider municipalities with no virus in circulation according to

our methodology (totalling to 160 municipalities). Both policy interaction terms shrink

substantially in size and become now insignificant. In column (8) we re-estimate the

baseline model, now including time fixed-effects for each municipality cohort (in terms

of the week of arrival of the virus). The interaction term for the first policy is significant

and with very similar coefficient to the baseline, while the interation terms for the second

policy is insignificant.

3.2 Contagion channels

In Table 5 we explore further the mechanism behind our baseline results (column 4 of

Table 1).

[Table 5 here]

In column (1) we consider death rates of people older than 65 years, that is, among

a group that is unlikely to work. We thus exclude individuals directly connected with

the business (as employees or employers). Column (1) shows that the results continues

to hold.8 This points to a contagion externality (e.g., Eichenbaum et al., 2020) from

business activities. This is an important result from a policy perspective because if

predominantly people within a firm were infected, standard economic theory would

suggests less of a need for policy interventions as any utility loss due to contagion is

8Similar results are obtained when we restrict the age to above 80, in which case a direct involvement
in business activities becomes very unlikely.
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then more likely to be internalized (in particular, workers may require higher wages to

keep working during the pandemic, or simply stop turning up at work).

Column (2) explores next the impact of hospital capacity. We would expect policies to

be more effective in reducing death rates in areas with congested hospitals (as virus con-

tagion is then more likely to be fatal). Consistent with this we find that the interaction

effect of hospital capacity and the first policy effect to be positive.9 That is, in provinces

where hospital capacity is less likely to be an issue, the policy effect is weakened. The

interaction effect with the second policy is insignificant. This is consistent with the fact

that the virus spread was already more under control at the time the second policy was

enacted, and hence hospital congestion less likely to be an issue.

In column 3 of Table 5 we examine whether policy effectiveness exhibits decreasing

or increasing returns. We sort municipalities into quintiles according to their share of

closed down sectors, and then run a regression interacting our variable of interest with

each quintile dummy. Comparing the coefficients on the shutdown exposure across the

different quintiles, we see that they are monotonically declining (in absolute terms) as

we move from low to high shutdown exposures. In other words, one unit of shutdown

matters less in municipalities with higher shutdown exposure. This means that we face

declining returns to shutting down businesses. This is fully consistent with the non-

linear nature of epidemiological dynamics. In particular, once the virus is sufficiently

contained, the marginal effect of reducing the reproduction rate further declines.

So far we have examined the impact of shutdowns on the municipality itself. However,

larger cities also attract workers from other municipalities. We may thus expect that in

this case a business shutdown has also spillovers on other municipalities. To investigate,

in column (4) we include in our baseline model also an interaction effect of the largest

exposed municipality in a province. In line with the idea that cities with a high sector

concentration attract people from neighboring municipalities, the coefficient on the in-

9Though we carefully include all pair interaction terms combinations, they are omitted from the
output table.
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teraction between Shutdown11n and the first shutdown is negative and significant. It is

similar in magnitude as the main within-municipality effect, albeit a bit smaller. This

points to important spillovers from shutdowns across jurisdictions.10

The last column of the table decomposes the first shutdown exposure into sectors.

We create exposure variables for all three sectors (food, retail and personal services)

following the same approach as for the total exposure variable. The results show that

all individual exposures obtain a negative coefficient (the coefficient on personal services

is insignificant though, possible owing to the fact that there is little variation in this

variable across municipalities, as shown in Table 1). The retail sector obtains the highest

coefficient (although not statistically different from the other two coefficients). This is

good news for policy makers since (brick-and-mortar) retail has a close substitute (online

shopping). Thus the most effective policy may also be one that has a low cost in terms

of lost consumer welfare.

4 Conclusion

This paper has examined the impact of national business shutdowns in Italy during the

Covid-19 crisis. Employing a diff-in-diff setting we have found that municipalities more

exposed to shutdowns experience subsequently lower mortality rates. This suggest that

business shutdowns are effective in containing the spread of a virus and, ultimately, save

lives. The effects are economically large and point to significant benefits from shutdowns.

Our analysis suggests that shutdowns may be particularly desirable in the retail sector,

both in terms of benefits and costs. Furthermore, our estimates show rapidly declining

(marginal) benefits from shutdowns. Finally, our analysis points to business decisions

having important (contagion) spillovers, on individuals outside the business as well as

individuals in other localities. Our findings provide valuable information to policy-

10Beck and Wagner (2020) show that such cross-jurisdictional spillovers make uncoordinated lockdown
decisions inefficient, and derive implications for international cooperation of lockdown policies.
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makers involved in navigating the exit from the Covid-19 crisis, as well as for managing

future pandemics.
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A Figures

Figure 1: Sector breakdown within municipalities. The blue portion is the municipality
exposure in terms of labor force to the March 11th shutdown sector list, the green one
follows the March 25th decree, and the red part is the exposure to remaining (open)
sectors.

21



Figure 2: Average within-group excess death rates over time, around the first treatment
date (τ = 0 corresponds 03/21). A group excess death rate is calculated by averaging
values across municipalities with above the median Shutdown11m (treated) and those
below the median (control), conditional on pre-sorting municipalities on the virus arrival
week.
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Table 1: Summary statistics
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Table 2: Parallel trend (Balanced variables test)

Variables Mean Low Shut11m Mean High Shut11m Difference T-test

ExcDeathRatem 3.978 3.570 .4077 1.29
∆ExcDeathRatem .160 -.468 .62 1.49
ExcDeathRatem growth .01% -.05% .06% 1.45
log(Popm) 8.81 8.87 -.051 -1.87*
WeekArrivalm 5.57 5.56 .006 .058

Note: Average daily characteristics of municipalities with above median shutdown ex-
posure to March 11th sector list compared to those with values below median of each
group. Municipalities are assigned into groups according to their virus arrival week.
Within-group average values are calculated through an 8-days period surrounding the
03/11 policy, that is from 03/07 to 03/15. Municipalities with less than 2500 residents
and those not showing any ”anomaly” nor ”persistence” in cumulative excess death rates
are excluded.
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Table 3: Main analysis

LHS: DailyDeathRate (1) (2) (3) (4)

ym,t−1 0.0399∗∗∗ 0.0398∗∗∗ 0.0363∗∗∗ 0.0335∗∗∗

(6.49) (6.48) (6.03) (5.65)

d11t 1.009∗∗∗ 1.087∗∗∗ 0.851∗∗∗

(5.55) (5.95) (4.53)

d11t × Shutdown11m -0.0263∗∗∗ -0.0264∗∗∗ -0.0363∗∗∗ -0.0403∗∗∗

(-3.28) (-3.29) (-4.36) (-4.83)

d25t -1.314∗∗∗

(-5.41)

d25t × Shutdown25m -0.0190∗∗∗ -0.0196∗∗∗

(-2.76) (-2.85)
Municipality FE X X X X
Time FE x x x X
Weekdays x X X x
Obs. 130,231 130,231 130,231 130,231
R2 0.151 0.151 0.154 0.157
Adj. R2 0.131 0.131 0.134 0.137

This table presents difference-in-differences estimates of municipality-level panel regres-
sions of daily excess death rates (left-hand side). The lagged dependent variable ym,t−1

is included in the model. d11t and d25t are dummy variables that take a value of one in
the days after the first and second policy becoming effective, respectively. Shutdown11m

and Shutdown25m are employment exposures of municipality m to the shutdown poli-
cies of 03/11 and 03/25, respectively. The sample consists in ISTAT death registry data
over the period 02/22/2020-04/12/2020. We exclude municipalities with less than 2,500
inhabitants and those that were not hit by the virus, leaving 3,025 municipalities in
total. t statistics in parentheses. Standard Errors clustered at municipality-level. ∗, ∗∗

and ∗∗∗ represent statistical significance at the 10%, 5% and, 1% level, respectively.
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Table 4: Robustness tests

Arrival Shorter Log- Exclude Exclude Arrival
Time Window Linear Lombardy Touristic Placebo Week
(1) (2) (3) (4) (5) (6) (7) (8)

LHS: ym,t ym,t log(ym,t + 1) ym,t ym,t ym,t ym,t ym,t

ym,t−1 -0.00682 0.0182∗∗∗ 0.0116∗∗∗ -0.00495 0.0410∗∗∗ -0.0356∗∗∗ 0.00471 0.146∗∗∗

(-1.22) (3.28) (3.55) (-1.01) (6.26) (-6.97) (0.28) (2.83)

Shutd11m × d11t -0.0279∗∗∗ -0.0435∗∗∗ -0.00672∗∗∗ -0.0233∗∗∗ -0.0394∗∗∗ -0.00785 -0.00215 -0.0397∗∗∗

(-3.27) (-4.95) (-6.35) (-2.80) (-4.11) (-0.99) (0.28) (-4.69)

Shutd25m × d25t -0.0146∗∗∗ -0.00168∗∗ 0.00557 -0.0264∗∗∗ 0.00812 0.0119 -0.00148
(-2.28) (-2.21) (0.98) (-3.41) (1.49) (1.56) (-0.25)

Municipality FE X X X X X X X X
Time FE X X X X X X X
Time×ArrWeek FE X
Obs. 130,231 115,111 130,231 100,443 104,751 72,186 6,274 130,157
R2 0.157 0.182 0.131 0.071 0.168 0.099 0.055 0.199
Adj. R2 0.137 0.160 0.110 0.049 0.148 0.061 0.023 0.157

This table conducts robustness checks focusing on the fourth column of the baseline model shown in
table 3. Including its lagged values, the dependent variable is the daily death rate in municipality m.
d11t and d25t are dummy variables that take value of one in the days after the first and second policy
becoming effective, respectively. Shutdown11m and Shutdown25m are municipality m exposure to the
first and second policy, respectively. First column reports results OLS estimates changing definition of
”anomaly” in arrival time to 2 standard deviation of cumulative excess death rate. ”Shorter window”
shrinks sample period to 04/04. Column 3 applies the natural logarithmic function to excess death
rates. Columns 4 and 5 exclude Lombardy and touristic municipalities, respectively. Columns 6 and
7 (”Placebo”) shifts both policy treatment dates twenty days earlier and considers municipalities with
no virus in circulation, respectively. Column 8 adds time interacted with week-of-arrival-cohort fixed
effects. The sample consists in ISTAT death registry data over the period 02/22/2020-04/12/2020.
We exclude municipalities with less than 2,500 inhabitants throughout specifications, and those that
were not hit by the virus (except for column 7). t statistics in parentheses. Standard Errors clustered
at municipality-level. ∗, ∗∗ and ∗∗∗ represent statistical significance at the 10%, 5% and, 1% level,
respectively.
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Table 5: Contagion channels

Elderly Hospitaliz. Decreas.Eff. Spillovers Sector Decompos.
LHS: DailyMortalityRates (1) (2) (3) (4) (5)

ym,t−1 0.0336∗∗∗ 0.0332∗∗∗ 0.0332∗∗∗ 0.0327∗∗∗ 0.0335∗∗∗

(5.51) (5.62) (5.59) (5.47) (5.65)

Shutd11m × d11t -0.0389∗∗∗ -0.0831∗∗∗ -0.0341∗∗∗

(-4.81) (-3.67) (-3.20)

Shutd25m × d25t -0.0160∗∗ -0.0173 -0.0222∗∗∗ -0.0218∗∗∗ -0.0199∗∗∗

(-2.38) (-1.08) (-3.21) (-2.68) (-2.88)

Shutd11m × d11t ×Hospitalizp 0.0580∗∗

(2.39)

Shutd25m × d25t ×Hospitalizp -0.0066
(-0.25)

Shutd11m × d11t ×Q1m -0.123∗∗∗

(-4.57)

Shutd11m × d11t ×Q2m -0.121∗∗∗

(-3.86)

Shutd11m × d11t ×Q3m -0.0850∗∗∗

(-2.95)

Shutd11m × d11t ×Q4m -0.0818∗∗∗

(-2.64)

Shutd11m × d11t ×Q5m -0.0316
(-1.28)

Shutd11n × d11t -0.0269∗∗

(-2.25)

Shutd25n × d25t -0.000207
(-0.03)

food11m × d11t -0.0311∗∗

(-2.25)

retail11m × d11t -0.0558∗∗∗

(-2.87)

personal11m × d11t -0.0341
(-0.95)

Municipality FE X X X X X
Time FE X X X X X
Obs. 128,335 130,231 124,303 130,231 130,231
R2 0.153 0.158 0.155 0.158 0.157
Adj. R2 0.132 0.137 0.134 0.137 0.137
This table explores different contagion channels focusing on the fourth column of the baseline model
shown in table 3. Including its lagged values, the dependent variable is the daily excess death rate in
municipality m. d11t and d25t are a dummy variables that take value of one in the days after the first
and second policy, respectively, become effective. Shutdown11m and Shutdown25m are municipality m
exposure to the first and second policy, respectively. Hospitalizp is the ratio of beds in all hospitals in a
province, divided by total residents. Q1−Q5 are dummy variables for each quintile of Shut11m. Shut11n
and Shut25n are exposures to first and second policies, respectively, of the largest hit municipality in the
province. food11m, retail11m and personal11m are the exposure of a municipality m to the food, retail
and personal-services industry, respectively. All pairwise interaction terms are included yet omitted
in the table. You can refer to table 1 for variable definitions, sample period and data. t statistics
in parentheses. Standard Errors clustered at municipality-level. ∗, ∗∗ and ∗∗∗ represent statistical
significance at the 10%, 5% and, 1% level, respectively.29


