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Abstract

Government responses to the COVID-19 pandemic had an unprecedented impact
on mobility patterns with implications for public safety and crime dynamics in
countries across the planet. This paper explores the effect of stay-at-home guide-
lines on thefts and robberies at the neighborhood level in a Latin American city.
We exploit neighborhood heterogeneity in the ability of working adults to comply
with stay-at-home recommendations and use difference-in-differences and event
study designs to identify the causal effect of COVID-19 mobility restrictions on the
monthly number of thefts and robberies reported to police across neighborhoods
in Montevideo (Uruguay) in 2020. Our results show that neighborhoods with a
higher share of residents with work-from-home jobs experienced a larger reduction
in reported thefts in relation to neighborhoods with a lower share of residents
with work-from-home jobs. In contrast, both groups of neighborhoods experienced
a similar reduction in the number of reported robberies. These findings cast light
on opportunity structures for crime but also on how crime during the pandemic is
disproportionately affecting more vulnerable areas and households.
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1 Introduction

The COVID-19 pandemic is a historical event that significantly affected the lives of

millions across the world. As of mid 2021, there have been more than 170 million

confirmed cases and the death toll has surpassed 3.5 million (World Health Organization,

2021). In order to slow down the spread and community transmission of the SARS-CoV-2

and avoid the collapse of healthcare systems, governments have imposed different types

of mobility restrictions. These restrictions have included a wide range of measures:

instruction to stay at home, closure of non-essential business, educational institutions,

and places of entertainment, ban on social gatherings, domestic and international travel

restrictions, and (sometimes) fines for those that breach these rules. The coronavirus

pandemic and the government responses that followed not only had an unprecedented

impact on population mobility patterns (Nouvellet et al., 2021), they also generated

large economic and social costs in terms of health, unemployment, poverty, mental

well-being, and children education (Debata et al., 2020; Kaffenberger, 2021; Nicola et al.,

2020; Pieh et al., 2021; Xiong et al., 2020).

Given its impact on mobility patterns, routine activities, and social interactions,

there has been increasing interest in understanding the relation between the pandemic

and crime. Catastrophic events provide a unique opportunity to analyse human behavior

in a “natural experiment setting”. In fact, the COVID-19 pandemic has been considered

the “largest criminological experiment in history” (Stickle and Felson, 2020) where it

is plausible to assume the exogenous variation of key causal mechanisms associated

with crime in the structure of opportunities and psychological strains given the speed

and intensity of changes in crime rates when the pandemic started (Andresen and

Hodgkinson, 2020; Felson et al., 2020; Eisner and Nivette, 2020; Halford et al., 2020;

Stickle and Felson, 2020).

In the context of a worldwide decline in crime (Nivette et al., 2021b), there has
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been a growing number of studies evaluating the impact of the COVID-19 pandemic on

different types of property and violent criminal offenses. However, the relation between

the pandemic, changes in social life and opportunities, and crime might be very different

depending on the specific government responses, the socio-economic, institutional, and

social characteristics of countries (Andresen and Hodgkinson, 2020; Brantingham et al.,

2021). For instance, the decrease in crime might be weaker in countries like Sweden

where less restrictive measures have been implemented (Gerell et al., 2020); likewise, the

impact of the pandemic on crime might be more accentuated in developing countries

affected by poverty, unemployment, and pre-existent levels of street and organized crime

(Calderon-Anyosa and Kaufman, 2021; Estévez-Soto, 2021).

COVID-19 crime research has mainly focused on developed countries with low levels

of crime, mostly from the Northern Hemisphere, and with highly restrictive lockdown

measures. Additionally, most of this research uses variation at large geographic areas

(i.e., cities, districts, countries), potentially hiding relevant neighborhood heterogeneities

that are key to understand the local impact of the pandemic on crime. A further

problem is the limited inclusion of population mobility measures. Most of these studies

do not include mobility measures and infer them by comparing different periods and

restricted areas, while those few studies that include urban mobility are limited to

short-term periods and country or city level analysis. Additionally, this research focuses

on how pandemic restrictions affect crime through altering criminal opportunities and,

at best, how it indirectly affects legitimate opportunities. However, little is known about

how diversity of economic opportunities and constraints might differentially affect the

capacity of households to comply with stay-at-home restrictions and avoid the risk of

being victimized on the streets.

Our paper contributes to the existing literature by exploring the heterogeneous effect

of government stay-at-home guidelines on thefts and robberies at the neighborhood
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level in Montevideo (Uruguay), a Latin American city that has recently experienced a

spike in crime and violence. We include a long period of eight years of pre-pandemic

observations and a long pandemic period of nine months. In addition, we exploit the

heterogeneity in working adults’ ability to work from home and comply with stay-at-home

recommendations across neighborhoods in Montevideo using two different measures: (1)

an index based on the occupation of household members, and (2) an index based on

survey responses about households’ actual work at home during the pandemic.

We use difference-in-differences and event study designs to identify the causal effect

of COVID-19 mobility restrictions on the number of thefts and robberies in Montevideo.

We identify neighborhoods with the highest share of residents with work-from-home jobs

as the treated geographical units (or alternatively, those who report working from home

during the pandemic), and neighborhoods with the lowest proportion of residents with

work-from-home jobs (or those who report that had to leave their homes in order to

work) as the control group. Our key assumption is that the higher the share of residents

with work-from-home jobs in a neighborhood, the lower the urban mobility of potential

victims in that area, and thus, less chances of experiencing victimization. We report an

average treatment effect of -25% to -40% for the number of reported thefts during the

pandemic months of 2020 (i.e., a larger decrease in treated neighborhoods). In contrast,

both treated and untreated neighborhoods experienced a comparable decrease in the

number of robberies reported to the police during the pandemic months of 2020.

The rest of the paper is organized as follows. Section 2.1 presents the theoretical

framework and Section 2.2 reviews previous empirical research. Sections 3 and 4

introduce the COVID-19 pandemic in Uruguay and present some preliminary evidence

regarding stay-at-home restrictions and street crime in Montevideo. Section 5 presents

the quasi-experimental design, the identification strategy, and the main results of the

paper. Finally, in Section 6 we conclude discussing our results, policy implications, and
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limitations of this study.

2 COVID-19 and crime

2.1 Potential mechanisms

The COVID-19 pandemic and government restrictions that followed can change crime

rates through three potential mechanisms: opportunities, strains, and public resource

allocation.

The first mechanism is the change of criminal opportunities that takes place during

the pandemic according to Routine Activity Theories. Crime is unevenly distributed

across space and time (Weisburd, 2015) and is the product of criminal opportunities

which take place when three conditions converge in space and time: a motivated offender,

adequate criminal targets (valuable objects or potential victims), and absence of capable

informal guardianship against crime (Cohen and Felson, 1979; Felson and Eckert, 2018).

The pandemic generated a significant disruption of routine activities and thus the

convergence of the three conditions. However, not all crimes are affected in the same

way.

The decrease in mobility observed during the pandemic implies that less victims

and perpetrators are circulating and thus less opportunities for thefts, street robberies,

assaults, and violent interactions between citizens (Ashby, 2020; Buchanan et al., 2020).

There are also reduced opportunities for shoplifting given that several stores are closed

or have time restrictions which reduces availability of potential targets and increase

guardianship of owners or employees (Campedelli et al., 2020; Payne et al., 2021). The

lack of mobility increases the presence of informal guardianship in houses making more

visible prowling behaviors and thus decreasing the opportunities for residential burglary,

vehicle thefts and thefts from vehicles (Buchanan et al., 2020; Campedelli et al., 2020;
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Halford et al., 2020; Payne et al., 2021). However, commercial burglaries and even

vandalism might increase given that closure of convenience stores, restaurants, and

supermarkets reduce informal guardianship of employees, customers or even bystanders

(Felson et al., 2020; Payne et al., 2021). Likewise, there might be an increase in intimate

partner violence during the pandemic since there are more opportunities due to the

higher time that potential victims and motivated offenders are together with weak

surveillance from third parties (Halford et al., 2020; Langton et al., 2021; Piquero et al.,

2020).

Opportunities also have a central role in the Economic Model of Crime which is

consistent with the motivated offender of Routine Activity Theories (Clarke and Felson,

2017). Individuals evaluate expected costs and benefits of legal and illegal activities

and choose to commit crimes when their payoffs exceed those of legal activities (Becker,

1968). COVID-19 restrictions change costs and benefits of illegal activities, particularly

how easy it is to commit crimes and how likely it is to be detected and punished

(Abrams, 2021). Given the limited availability of commercial stores, vehicles, and the

absence of passers-by, crimes such as shoplifting, theft of/from vehicles, assaults, rapes

and robberies will drop given the increase in expected costs (Abrams, 2021). However,

some antisocial and public offenses might increase as part of the population rejection

to follow government measures, as well as drug offenses, which might be affected by

increased police street presence during lockdowns (Neanidis and Rana, 2021). Homicide

offenders might not be deterred by stay-at-home orders, but also many homicides

might be associated with drug/gang conflicts (Abrams, 2021; De la Miyar et al., 2021).

Furthermore, an increase in the number of domestic violence cases would be expected

given the higher amount of time spent at home by victims and abusers, increased

transactional costs of reporting to police, and the decrease in bargaining options outside

the relationship (Abrams, 2021; Hsu and Henke, 2021; Silverio-Murillo et al., 2020).
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An additional mechanism is the impact of the pandemic on unemployment. Higher

levels of unemployment will make it less likely to obtain income through legitimate

means, increasing the attractiveness of committing property crimes, depending on how

the government responds with unemployment insurance, aid to business, etc. (Abrams,

2021).

A different mechanism associated with motivations is the role of stress and negative

emotions based on Strain Theories. Adverse situations generate strains, and criminal

responses are one way of coping and alleviating the frustration and anger (Agnew,

2005). The pandemic has disrupted social life and relations in key areas of public life

(e.g., work, school, social activities in the community) increasing isolation and chances

that individuals will involve in crime in order to cope with three stressful situations: i)

economic problems; ii) conflictive interactions and abuse due to extended stay at home

periods, social isolation, and limitations of potential victims to escape to the public

sphere; iii) losing jobs and removal from social and leisure activities to alleviate stress

(Campedelli et al., 2020; Kaukinen, 2020; Kim and Phillips, 2021; Payne and Morgan,

2020; Peterman et al., 2020). The strain mechanisms might lead to increase in both

non-violent and violent property street crimes (robberies, thefts, burglaries) and in the

domestic sphere (intimate partner violence or children abuse), though more impact

would be expected on more expressive and violent crimes were anger plays a stronger

role (Campedelli et al., 2020). Additionally, suffering isolation and strains might lead

individuals to alcohol consumption, potentially triggering or accentuating criminal or

violent behaviors (Kim and Phillips, 2021; Payne and Morgan, 2020).

A third mechanism is the reallocation of police resources during the pandemic. The

use police resources to enforce social distancing measures, sanitary policies, and other

travel and mobility restrictions has an opportunity cost of less police forces enforcing

crime and thus decreasing the chances of being detected and arrested (Kim and Phillips,
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2021; Poblete-Cazenave, 2020).

2.2 Empirical evidence

Several studies across the world report a drop in police recorded crime during the

pandemic. However, research has shown that this decline is heterogeneous both across

crimes and across geographical areas.

2.2.1 The impact of COVID-19 government restrictions across criminal

offenses

Results for property crimes show a consistent pattern across studies. For example, theft

and burglary reports exhibit a significant decrease due to the pandemic (e.g., Abrams,

2021; Andresen and Hodgkinson, 2020; Campedelli et al., 2020; De la Miyar et al.,

2021; Hodgkinson and Andresen, 2020; Langton et al., 2021; Mohler et al., 2020; Payne

et al., 2021; Poblete-Cazenave, 2020). Some studies, but not all, show a significant

drop in residential burglaries, while nonresidential and commercial burglaries tend to

exhibit either an increase or no effect (e.g., Abrams, 2021; Ashby, 2020; Felson et al.,

2020; Payne et al., 2021). The impact of government restrictions during the pandemic

on violent crimes is less clear. Violent crimes that involve property such as robberies

show a drop in several studies (e.g., Abrams, 2021; Andresen and Hodgkinson, 2020;

Campedelli et al., 2020; Langton et al., 2021; Mohler et al., 2020; Payne et al., 2021;

Poblete-Cazenave, 2020; Estévez-Soto, 2021). In contrast, the impact on assaults and

lethal violence shows a mixed picture with some studies showing a drop (e.g., Abrams,

2021; Gerell et al., 2020; Poblete-Cazenave, 2020), non-significant effects (e.g., Ashby,

2020; Mohler et al., 2020), or even a spike (Rosenfeld and Lopez, 2020).

Conflicting results in magnitude and direction of effects might be due to differences in

the characteristics of cities, type of government restrictions, period of analysis, data and
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causal identification strategy. A recent cross-cultural comparative study from 23 different

countries in the Americas, Europe, Middle East, and Asia shows an overall significant

drop in thefts (46%), motor vehicle thefts (39%), burglaries (28%), robberies (47%),

assaults (35%), and homicides (14%), but the impact was found to be heterogeneous

across cities and strongly dependent on the severity of government restrictions (Nivette

et al., 2021b).

2.2.2 The impact of COVID-19 government restrictions across communi-

ties

Although initial COVID-19 studies focused on large units of analysis (e.g., provinces

or states, cities), recent research has focused on how the effect of the pandemic and

government restrictions on crime is associated with the differential distribution of

opportunities across different geographical areas of cities. For example, Felson et al.

(2020) show how the increase in burglaries in Detroit (United States) during the pandemic

took place mostly in areas of the city that were not exclusively residential, while no

increase was observed in areas predominantly residential. Campedelli et al. (2020)

evaluated the containment policies across communities in Chicago (United States) and

showed that not only did significant reductions of burglaries, assaults, drug-related

offenses and robberies take place only in a few specific clusters of communities, but they

were also significantly associated with some socio-economic and ecological characteristics

of communities (i.e., previous levels of crime, perceived neighborhood safety, vacant

housing, income diversity, poverty, population and proportion of old/young groups, self-

perceived health status, and perception of neighborhood safety among local residents).

Other studies focus on the difference in criminal opportunities by analyzing the

variation in lockdown stringency across districts. For example, a study in Bihar (India) by

Poblete-Cazenave (2020) shows that although the state lockdown generated a significant
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reduction in several property and violent crimes, there was a significant increase in the

number of property crimes (e.g., burglaries or thefts) as the initial restrictions were

relaxed in some districts. Similarly, a study conducted by Neanidis and Rana (2021)

in England showed that, despite the significant drop in several property and violent

crime categories due to the national lockdown, the impact of local lockdowns showed

less effect on crime reduction, on fewer crime categories, but also heterogeneous effects

depending on the type of restrictions: there was a decrease in theft and increase in

antisocial behavior and possession of weapons in areas were local authorities implemented

strict lockdown measures in relation to those where more lenient or null measures were

implemented.

2.3 Contribution of our study

This study contributes to the COVID-19 and crime literature in three ways.

First, although COVID-19 research has assessed variation across regions, cities,

or districts, understanding the dynamics of crime spatial concentration requires more

disaggregated data to better understand the heterogeneity of pandemic’s impact on

crime across very diverse areas of cities (Andresen and Hodgkinson, 2020; Campedelli

et al., 2020; Kim and Phillips, 2021). This paper uses monthly crime data to examine

the heterogeneous impact of COVID-19 (and the associated mobility restrictions) across

the 62 neighborhoods of the city of Montevideo, Uruguay.

Second, most research has focused on how the pandemic and government restrictions

impact crime through the alteration of criminal opportunities, and in some cases on

how economic conditions of specific areas might also affect legitimate opportunities

(Andresen and Hodgkinson, 2020; Campedelli et al., 2020; Payne et al., 2021). However,

less attention has been given to understanding how inequality of economic opportunities

and employment conditions might affect citizens’ possibilities of staying at home and
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avoiding risk of victimization. A relevant aspect that affects vulnerable households in

their capacity to comply with government’s stay-at-home recommendations is whether

they are employed in jobs that cannot be performed at home as close physical contact

with others is required (Guntin, 2021). To the best of our knowledge, this key aspect

has not been tested in the literature. Our study includes not only Guntin’s measure of

household members’ type of occupation, but also an additional survey were respondents

answered if they were actually working from home during the pandemic.

Third, most of the studies have limitations both in terms of measurement and the

identification strategy. One advantage of using the aforementioned measures is that

they provide a more direct estimation of population mobility which plays a key role in

explaining the impact that government restrictions during the pandemic had on crime.

Several studies do not include direct measures of population mobility but rather evaluate

change in crime rates comparing control and treatment periods or areas where mobility is

inferred or assumed (Ashby, 2020; Andresen and Hodgkinson, 2020; Neanidis and Rana,

2021; Poblete-Cazenave, 2020). Some studies have included direct measures of mobility

using Google mobility reports (Abrams, 2021; Halford et al., 2020; Langton et al., 2021;

Mohler et al., 2020). However, the temporal and spatial availability of data does not

allow the analysis for periods longer than one year (Estévez-Soto, 2021) or meso-level

neighborhood dynamics. In terms of the causal identification, strategy the great majority

of COVID-19 studies are based on time series or interrupted time series models with

control groups that involve pre-pandemic periods. Few studies include actual control

groups using difference-in-differences designs or regression discontinuity designs but

(generally) do not include actual measures of mobility (e.g., Poblete-Cazenave, 2020).

Instead, our study exploits neighborhood heterogeneity in levels of compliance associated

with working adults’ ability to work from home and their survey reports about actual

mobility in order to identify the causal effect of COVID-19 mobility restrictions on
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robberies and thefts. We focus on these two crimes as only the former involves violence

and together account for 60% of crimes reported to police.

3 The COVID-19 pandemic in Uruguay

3.1 COVID-19 in Uruguay in 2020

The first case of COVID-19 was reported in Montevideo, the capital and largest city

of Uruguay, on March 13th, 2020. The Uruguayan government promptly declared a

national state of sanitary emergency: all public events and potential centers of social

gathering (e.g., bars, churches, shopping malls) were immediately shut down, as well

as private and public schools, while flights were suspended and country’s borders were

closed (completely with Argentina but partially with Brazil due to a dry land border).

Thanks to a fast response from both the health authorities and its people, Uruguay

was able to limit the spread of the virus and was initially seen as a global model for

how to respond to this worldwide pandemic (Taylor, 2021). As depicted in Figure 1, the

government was successful at controlling the spread of the coronavirus SARS-CoV-2 for

most of 2020.1 Daily confirmed new COVID-19 cases were below 100 until November

and the 3.5-million-people country only recorded a total of about 19,000 cases and less

than 200 deaths from this disease during that year.

[INSERT FIGURE 1 HERE]

3.2 Individual freedom and social responsibility

In contrast to some countries that imposed strict lockdowns to stop the spread of the

virus, Uruguay did not enforce a countrywide lockdown or mandatory house confinement.
1COVID-19 data was obtained from the R package COVID19 by Guidotti and Ardia (2020).
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Instead, Uruguay’s national government appealed to the responsibility of its citizens.

Its population was urged to reduce mobility, stay at home, and work from home

whenever possible. Under President Lacalle Pou’s motto “Individual Freedom with

Social Responsibility,” the government trusted citizens to voluntary adhere to hygiene

guidelines and social distancing.

Figure 2 shows the Oxford COVID-19 Government Response Tracker’s (OxCGRT)

stringency index (Hale et al., 2021) and two Google mobility indices (Google, 2020a,b) for

Uruguay and other South American countries.2 Uruguay’s 2020 outstanding performance

was not the result of stringent measures. In fact, its COVID-19 policies were among the

less strict in all the Americas,3 with a stringency index value well below that of countries

like Argentina, Brazil, or Peru. Just a few weeks after the first case was reported,

the national government started to progressively ease several of the pandemic-related

restrictions. On April 13th, construction resumed its activity, while schools started

reopening on June 29th. As a result, workplace mobility soon returned to its pre-COVID

levels (not seasonally-adjusted). In contrast, urban mobility for retail and recreation

places (i.e., restaurants, cafes, shopping centers, parks, museums, libraries, and movie

theaters) also increased but without returning to its early-2020 levels (e.g., cafes and

restaurants were forced to reduce operating hours while movie theaters remained closed

for the rest of 2020). Towards the end of 2020, the national government was forced

to reimpose several mobility restrictions as COVID-19 cases spiked (see Figures 1 and

2). In fact, the national health care system was under severe strain during 2021 as the

country faced a world-record COVID-19 infection rate (Hale et al., 2021).

[INSERT FIGURE 2 HERE]

As a result of these mild mobility restrictions, combined with the initial success at
2Mobility data was obtained from the R package COVID19 by Guidotti and Ardia (2020).
3See Roser and Ortiz-Ospina (2021) for a comparative evolution of OxCGRT’s stringency index for

the Americas and the rest of the world.
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controlling the spread of the virus, people quickly returned to some of their normal

activities and in a matter of weeks mobility was close to its pre-pandemic level. However,

since households were asked to reduce mobility according to their own possibilities and

a mandatory house confinement was never imposed, the aggregate decrease in urban

mobility may hide an heterogeneous response as working from home was not an option

for everyone. In this paper, we exploit this heterogeneity to identify different mobility

patterns within relatively small geographical areas in the city of Montevideo.

3.3 Working from home in Montevideo

In March 2020, residents of Montevideo were asked to reduce mobility and, if possible,

work from home. However, since many jobs cannot be performed from home, some

workers may be unable or unwilling to follow stay-at-home recommendations. Following

the methodology of Dingel and Neiman (2020) and Mongey et al. (2021), Guntin

(2021) shows that based on the tasks required by their occupations almost 8 out of 10

Uruguayans are likely unable to perform their work duties from home.4 In addition,

Guntin shows that income-poor workers are less likely to have work-from-home jobs

than income-rich workers.5 For example, Figure 3 shows a positive correlation between

the ability to work from home and labor income across Montevideo’s 62 neighborhoods.

[INSERT FIGURE 3]

According to Guntin’s estimates for Montevideo, 50% of workers living in neigh-

borhoods within the top quartile of income exhibit work-from-home capabilities, while
4In order to identify which occupations can be performed at home, Guntin (2021) employs data on

8-digit O*NET-SOC occupations’ tasks from the O*NET Program, a project based on surveys to a
large pool of workers and firms in the United States and developed under the sponsorship of the U.S.
Department of Labor. Regarding the characteristics of households and workers in Montevideo, the
author takes advantage of the 2019 Encuesta Continua de Hogares conducted by Uruguay’s National
Institute of Statistics on a 40,000 representative sample of the Uruguayan population.

5Guntin (2021) calculates the mean for the normalized O*NET task-level score. Scores for each
task-occupation range from 1 to 5 (the higher the score the easier to work remotely). Occupations with
a score of 4 or higher are considered suitable for work from home.
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only 13% of those residing in neighborhoods within the lowest quartile are able to

work remotely. These results are in line with estimates reported in the 2020 Encuesta

Continua de Hogares (Continuous Household Survey) conducted by Uruguay’s National

Institute of Statistics (INE, for its acronym in Spanish). In 2020, due to the COVID-19

pandemic, INE asked respondents if they have been working from home since March

2020.6 While 49% of workers with homes in neighborhoods within the top quartile of

income reported a shift to work-from-home in April (i.e., the month with the lowest

workplace mobility; see Figure 2), only 10% of the workers living in neighborhoods in

the lowest quartile worked remotely in the first full month of the pandemic. Overall,

these results suggest that low income neighborhoods are expected to exhibit lower shares

of residents with work-from-home jobs.

Since this heterogeneity in work-from-home possibilities translates into different levels

of compliance with COVID-19 stay-at-home recommendations across neighborhoods in

Montevideo, in this paper we exploit these local differences in behavior to study the

extent to which stay-at-home guidelines in Uruguay’s largest city where associated with

a decrease in levels of the two most frequent offenses: theft and robberies.7 For our main

results we will rely on Guntin’s estimates for two reasons. First, this approach allows our

paper to interact with a novel but growing literature on work-from-home ability measures

(Brynjolfsson et al., 2020; Dingel and Neiman, 2020; Gottlieb et al., 2020; Mongey et al.,

2021). Second, since these measures can be easily computed, our empirical strategy

could be replicated for other countries to test the impact of government restrictions

during the COVID-19 pandemic on crime and other local outcomes. Nevertheless, we

also employ INE’s remote work question to show the robustness of our empirical findings.
6INE’s Encuesta Continua de Hogares asked two questions regarding remote work: if the respondent

usually works from home and if the respondent worked from home the week before. We use the latter
since this is the one consistent with how employment and unemployment statistics are computed (i.e.,
“did you work for at least one hour last week?").

7Thefts (≈ 45%) and robberies (≈ 15%) account for about 60% of the crimes reported to police in
Montevideo.
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4 Data and preliminary evidence

4.1 City-level effects

Empirical evidence suggests that stay-at-home policies were associated with a large drop

in urban crime across the world during 2020 (Nivette et al., 2021b). Montevideo was

not the exception. We obtained geospatial data on the offenses reported to police in

Montevideo from the Ministry of Interior of Uruguay. Figure 4 shows the time series

of daily police reports of thefts and robberies in Montevideo for the sample period

01/01/2014 to 12/31/2020. There is a clear sudden drop in the number of offenses

that coincides with the beginning of the national state of sanitary emergency (March

13th). The number of police reports increased after the government relaxed several

stay-at-home recommendations and workplace mobility recovered its pre-COVID levels.

However, neither thefts nor robberies reached late-2019 levels.

[INSERT FIGURE 4 HERE]

We use event-study designs to start exploring the impact of COVID-19 guidelines

on the most frequent police reports in Montevideo. To measure the average percentage

change in reports we first estimate the following static specification:

ln ymt = δPostmt + βm + γt + εmt, (1)

where ymt is the total number of incidents reported in Montevideo for a given type of

crime (thefts or robberies) in month m of year t, Postmt is the post-treatment variable

such that Postmt is equal to 1 if m ∈ {3, . . . , 12} and t = 2020, βm denotes month

fixed effects to account for monthly seasonality (m = 1, . . . , 12), and γt denotes year

fixed effects to account for time trends (t = 2014, . . . , 2020). In this specification, the

coefficient δ represents the average percentage change in reports after the stay-at-home

measures begin in March 2020. Results for thefts and robberies are reported in the
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online appendix. We also report results obtained after replacing γt for a linear time

trend. As expected, point estimates are negative and statistically significant. On average,

theft reports dropped about 23% and robbery reports dropped about 30% during 2020

pandemic months (i.e., March to December). When the specification includes a linear

time trend instead of year fixed effects the drop is 18% and 12%, respectively.

Next, we measure the percentage change in reports for each month using the following

dynamic specification:

ln ymt =
12∑
τ=3

δτD
2020
τmt + βm + γt + εmt, (2)

where D2020
τmt are the post-treatment dummy variables for the pandemic months such

that D2020
τmt is equal to 1 if m = τ and t = 2020. Results for thefts and robberies show

point estimates that are generally negative and statistically significant when we include

year fixed effects. This is not always the case when we replace γt for a linear time

trend. However, point estimates are always negative for both crimes. In addition, the

estimated drop in reports was larger in the first few months of the pandemic when

the Uruguayan government tightened COVID-19 restrictions. The resulting temporal

patterns are shown in Figure 5 (full tables are reported in the online appendix).

[INSERT FIGURE 5 HERE]

Overall, our point estimates depict a pattern consistent with the evolution of the

pandemic in Uruguay. However, we can identify some differences between the results

for thefts and robberies. In the case of thefts, the maximum effect takes place in April,

the same month the OxCGRT’s stringency index peaked (Figure 2). As stay-at-home

guidelines ease and urban mobility increases, the coefficients get smaller in absolute

value. As a result, the size of the effect appears to be decreasing in time (this trend

changes in December 2020 when mobility dropped as a consequence of Uruguay’s first

wave of COVID-19). In the case of robberies, reports dropped by about a 40% in the
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first three months (April, May, and June 2020). As workplace mobility returned to

normal levels during the third quarter of 2020, point estimates substantially decreased

in absolute value. The size of the effect appears to increase again in the last quarter of

the year, even before the beginning of the first COVID-19 wave. As mentioned before,

neither thefts nor robberies returned to their pre-pandemic levels.

4.2 Neighborhood-level effects

Next, we focus on Montevideo’s 62 neighborhoods. Figure 6 shows the monthly average

of police reports per 10,000 habitants by neighborhood in 2019 (i.e., before the arrival of

COVID-19) for thefts (Panel A) and robberies (Panel B). The pre-pandemic distribution

of police reports across neighborhoods suggests that thefts are more common in the

inner core of the city (neighborhoods with higher density and higher income) while

robberies are more common in northern parts of Montevideo (neighborhoods with lower

density and lower income). Southeast neighborhoods appear to be considerably safer

than those in the center and north of Montevideo, particularly for violent property

crimes. South and southeast neighborhoods also exhibit a relatively larger share of

residents with work-from-home jobs (Figure 3).

[INSERT FIGURE 6 HERE]

We replicate the estimates of Equation 1 for each of the 62 neighborhoods in

Montevideo. The average percentage change in reports after the stay-at-home measures

which begin in March 2020 (δ̂ coefficients) for theft and robbery are reported in the

maps shown in Figure 7. The results show point estimates that are mostly negative,

with substantial heterogeneity across Montevideo’s 62 neighborhoods.

[INSERT FIGURE 7 HERE]
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5 Quasi-experimental design

5.1 Identification strategy

Next, we ask to what extent these differences in the effects observed across neighborhoods

respond to different urban mobility patterns. In other words, is higher mobility at

the neighborhood level during the COVID-19 pandemic associated with a less than

average decrease in street crime for that neighborhood? Since neither Google nor Apple

provides mobility data at the neighborhood level (e.g., Google provides daily data for

the Montevideo Metropolitan Area, but not for its within city communities), we need

alternative measures of mobility to answer this question. Our paper uses Guntin’s (2021)

analysis to distinguish Montevideo’s neighborhoods with a high ability to comply with

stay-at-home guidelines from those neighborhoods where residents are less able to work

from home and reduce mobility.

The key assumption underlying our identification strategy is that a higher share of

residents with work-from-home jobs in a neighborhood predicts a lower level of urban

mobility in that geographical area. As a result, we would expect less daily movements

in space and time for potential crime targets in neighborhoods with a relatively higher

share of work-from-home jobs, hence a relatively larger fall in crime (i.e., a decrease in

crime that takes place in public areas and homes, such as thefts and robberies).

For our main results we identify neighborhoods with the highest share of residents

with work-from-home jobs (the top quartile) as the treated geographical units, while

neighborhoods with the lowest proportion of residents with work-from-home jobs (the

bottom quartile) as our control group. Figure 8 shows the classification of Montevideo’s

62 neighborhoods into treated, untreated, and excluded neighborhoods.

[INSERT FIGURE 8 HERE]

19



5.2 Difference-in-differences designs

In this section, we use two difference-in-differences designs to identify the potential

causal effect of COVID-19 mobility restrictions on the number of thefts and robberies

reported to police in Montevideo. First, we test the following version of the canonical

difference-in-differences estimator:

ln yimt = δ1Premt + δ2Treati × Premt + δ3Postmt + δ4Treati × Postmt + . . .

+ αi + βm + γt + θit + εimt,

(3)

where yimt is the number of incidents reported in neighborhood i in month m of year

t, Premt is a pre-treatment placebo variable equal to 1 in the period March-December

2019, Postmt is the post treatment variable equal to 1 during the treatment period

March-December 2020, and Treati is 1 if neighborhood i is considered treated (i.e.,

top work-from-home quartile). In this equation, αi denotes neighborhood fixed effects

to account for differences between the included neighborhoods (i ∈ {1, . . . , 62}), βm

denotes month fixed effects to account for monthly seasonality (m = 1, . . . , 12), γt

denotes year fixed effects to account for trends in crime common to all neighborhoods

(t = 2014, . . . , 2020), and θit denotes neighborhood-year fixed effects to account for

neighborhood-specific trends.

In this specification, the coefficient δ3 represents the average drop in reports for

the untreated neighborhoods (i.e., bottom work-from-home quartile) after the stay-at-

home measures begin on March 13th, 2020 and the coefficient δ4 represents the average

difference in reports between high- and low-mobility neighborhoods in Montevideo (i.e.,

the average treatment effect). If Equation (3) captures the crime trends observed in

these groups before March 2020 accurately, then the coefficients δ1 and δ2 should not be

statistically different from zero.

The corresponding estimates for theft and robbery are reported in Tables 1 and

2, respectively. Both tables report the ordinary-least-square estimates for alternative
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versions of Equation 3: (i) with and without the pre-treatment dummy variables (i.e.,

columns (1) and (3) vs. columns (2) and (4) of Tables 1 and 2) and (ii) with and without

neighborhood-year fixed effects (i.e., columns (1) and (2) vs. columns (3) and (4) of

these tables).8 The average treatment effect, δ̂4, is always negative and statistically

significant for both crimes when neighborhood-year fixed effects are excluded from the

regression. According to these results, neighborhoods from the top work-from-home

quartile experienced an average decrease of 13% in theft reports and 42% in robbery

reports. In contrast, when we account for neighborhood-specific trends, the average

treatment effect remains negative (-27% for theft and -7% for robbery) but statistically

significant only in the case of thefts. Results suggest that neighborhood-year fixed effects

are not necessary for thefts as both δ̂1 and δ̂2 are not statistically different from zero. In

contrast, neighborhood-year fixed effects are necessary for robberies.

[INSERT TABLES 1 AND 2 HERE]

Next, we consider an event-study approach in our research design. Following Miller

et al. (2019), we consider the following dynamic specification:

ln yimt =
12∑
τ=3

δ1
τD

2019
τmt +

12∑
τ=3

δ2
τTreati ×D2019

τmt + . . .

12∑
τ=3

δ3
τD

2020
τmt +

12∑
τ=3

δ4
τTreati ×D2020

τmt + . . .

+ αi + βm + γt + θit + εimt,

(4)

where D2019
τmt are monthly pre-treatment placebo dummy variables for the period March-

December 2019, while D2020
τmt are the post-treatment dummy variables for the period

March-December 2020. Therefore, we are including ten immediate leads and ten
8Note that when we remove the pre-treatment dummy variables we are just transforming Equation

3 into the classic two-by-two difference-in-differences model with fixed effects:

ln yimt = δ3Postmt + δ4Treati × Postmt + αi + βm + γt + θit + εimt.
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immediate lags relative to the January-February 2020 period (recall that stay-at-home

restrictions entered into force on March 13th, 2020). Anticipatory effects allow us to

provide compelling evidence that post-treatment differences between counterfactual

trends and actual trends are likely to be zero (Cunningham, 2021).9

Figures 9 and 10 show the main results of this paper for theft and robbery, respectively.

Each figure presents three event studies: the top graph plots the ordinary-least-square

estimates of the lead and lag effects for the untreated neighborhoods with a low share

of work-from-home jobs (δ̂1
τ and δ̂3

τ with τ = 3, . . . , 12), the middle graph plots the

estimates of the lead and lag effects for the treated neighborhoods with a high share of

work-from-home jobs (δ̂1
τ + δ̂2

τ and δ̂3
τ + δ̂4

τ with τ = 3, . . . , 12), while the bottom graph

plots the difference between the above point estimates for each period (i.e., the placebo

effects δ̂2
τ and the actual treatment effects δ̂4

τ ). Note that the solid grey line indicates

the month on which stay-at-home restrictions were implemented (March 2020), that

January and February coefficients are set to zero, and that all event studies were plotted

on the same scale.

[INSERT FIGURES 9 AND 10 HERE]

Once again, we find some differences when we evaluate the potential impact of

COVID-19 restrictions on violent and non-violent property crimes. According to the

bottom panel of Figure 9, most pre-treatment coefficient estimates are not different

from zero and, as a result, there is no evidence of differences in the expected number of

reported thefts between these two groups (treated and untreated) in 2019. In contrast,

after March 2020 we find a persistent treatment effect. The average treatment effect

suggests that reported thefts in the treated neighborhoods dropped by an additional

25% to 40% during the pandemic months of 2020. Our estimates show a decline in theft
9See Cunningham (2021) for a complete and updated discussion on the difference-in-differences

design and how to provide evidence for parallel trends through event studies.
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reports in the untreated neighborhoods that was small and temporary (top panel of

Figure 9). In contrast, the decline in theft reports in the treated neighborhoods was

significant and persistent (middle panel of Figure 9).

For robberies, we do not find evidence of a treatment effect after March 2020. The

bottom panel in Figure 10 suggests no difference in most of the pre- and post-treatment

coefficient estimates. Except for the months of June and July 2020, both treated and

untreated neighborhoods experienced a similar decline in reported robberies during the

pandemic months of 2020.

5.3 Robustness

For our main results we compared neighborhoods with the highest share of residents with

work-from-home jobs (the top 25%) to neighborhoods with the lowest share of residents

with work-from-home jobs (the bottom 25%). To rank Montevideo’s 62 neighborhoods

we relied on estimates of the ability of households and workers to work-from-home based

on the tasks required by their occupations following Guntin (2021). In this section we

report results from several robustness checks (all figures reported in the online appendix).

First, we repeat the analysis employing INE’s remote work question (we call this

work-from-home survey) instead of the index based on tasks of Guntin (2021) (we call

this work-from-home tasks). Our results show a strong correlation between the two

indexes, few changes to the relative ranking Montevideo’s 62 neighborhoods and, as a

result, our empirical findings are robust to the choice of index.

We also evaluate the robustness of the results to the threshold used to select treated

and untreated neighborhoods. Our main results used a 25% threshold (i.e., top versus

bottom quartiles). In addition, we report results using 33% and 50% thresholds. Overall,

our results are robust to the choice of threshold. Nevertheless, as more neighborhoods

are added to the treated and control groups, the differences between groups become less
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apparent.

Next, we evaluate the robustness of the results to the time periods dropped to avoid

perfect multicollinearity. In our main specification we dropped the January and February

dummy variables (i.e., the two months immediately before the arrival of COVID-19 to

Uruguay). As a result, the 2020 year fixed effect is estimated based on those two time

periods. In addition, we report results obtained assuming a 2020 year fixed effect equal

to the 2019 fixed effect (i.e., we drop all the 2019 dummy variables but none of the 2020

variables). In the case of thefts we find similar results for the untreated neighborhoods,

a persistent decline in reports in the treated neighborhoods that is somewhat smaller

than what was reported before, and a persistent treatment effect that is not always

statistically significant. In the case of robberies we do not observe important differences

with what was reported before.

Finally, we remove Montevideo’s central business district (CBD) from our group of

treated neighborhoods. Work-from-home statistics can hide the effect of nonresidents

that are not commuting to these neighborhoods due to COVID-19 guidelines but are

potential offenders or victims. According to Mauttone and Hernández (2017), Municipio

B is the municipality that attracts the most trips in Montevideo. We identify the actual

limits of Montevideo’s CBD as the nine neighborhoods in Municipio B and remove those

neighborhoods from the analysis. We do not observe important differences with what

was reported before.

Overall, the difference-in-differences results reported in section 5.2 appear to be

robust to the different modeling choices considered in this section.
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6 Discussion, policy implications and limitations

In this paper we examine the effects of government stay-at-home guidelines on robberies

and thefts in a Latin American city (Montevideo, Uruguay). Unlike many other studies,

this paper includes a long pandemic evaluation sample of nine months (i.e., all of 2020).

In addition, we consider a smaller unit of analysis (neighborhoods) to better evaluate

the heterogeneous impact of the government restrictions during the pandemic across

the city by comparing neighborhoods ranked in terms of their households’ ability to

work from home and to comply with government recommendations. Our results show

that while there was a significant impact on the reduction of non-violent property

crimes (thefts) in neighborhoods with a higher capacity to comply with government

stay-at-home guidelines and less reported mobility, there were no significant differences

in terms of violent property crimes (robberies).

These differences in the impact of the pandemic and government restrictions on

violent and non-violent property crimes may be associated with the fact that violent

crimes are being committed by antisocial individuals who are less likely to be deterred by

a change in incentives or government restrictions (Payne et al., 2021). Individuals with

antisocial traits or low self-control are more present-oriented, self-centred, with volatile

temper, and thus, less sensitive or responsive to changes in their environment (Nagin

and Paternoster, 1994; Nagin and Pogarsky, 2001). Changes in the structure of criminal

opportunities generated during the pandemic may be an insufficient deterrent for these

type of strongly motivated offenders (Campedelli et al., 2020), particularly if they

have recently experienced economic and psychological strains (Kim and Phillips, 2021).

For example, there is some preliminary evidence showing that during the pandemic

individuals with ‘antisocial potential’ such as low self-control, low acceptance of moral

and legal norms, with previous involvement in crime and with criminal peers, are less

likely to comply with social distancing or government restrictions (Nivette et al., 2021a;
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O’Connell et al., 2021).

Our results may also be showing a “functional crime displacement” (Barr and Pease,

1990) from non-violent to violent property crimes were, after some weeks of reduced

mobility, offenders are adapting to a new context with less victims in the street and

more protected residences (Gerell et al., 2020). Offenders that used to take advantage

of empty houses and surroundings to commit burglaries in pre-pandemic times, might

have to increasingly face owners in their houses or neighbors in their surroundings and

use violence to be successful in the obtention of illicit goods. Although there are less

victims in the streets, there are also less informal guardianship (e.g., bystanders) or

formal guardianship (e.g., police) and thus, in line with rational choice theory (Becker,

1968) and routine activity theory (Felson and Eckert, 2018) there is an increase in the

expected gain from robberies with available victims in the streets (Cheung and Gunby,

2021).

Our results are also in line with other studies that show how larger drops in crime

during the pandemic appear to take place in specific city clusters with high pre-pandemic

levels of crime (Campedelli et al., 2020). More research is needed to understand how the

link between the pandemic, government restrictions and crime is affected by neighborhood

characteristics which involve not only pre-existent crime rates but also key ecological

and socio-economic aspects such as poverty and income diversity, proportion of young

males, unemployment, vacant housing, or social disorganization (Campedelli et al.,

2020). Particularly, future studies should incorporate more explicitly the environmental

perspective to evaluate if the heterogeneous impact of the pandemic and government

restrictions across neighborhoods can be explained by the presence of two type of areas:

‘crime generator areas’ were people with no criminal motivations gather, and crimes

take place due to the concentration of potential victims and offenders (e.g., parks); or

‘crime attractor areas’ which are characterized by existent opportunities for specific
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crimes which attract strongly motivated offenders (e.g., drug market areas, red district

prostitution areas) (Brantingham and Brantingham, 1995). While some authors have

predicted that crime drop will take place in both types of areas (see Campedelli et al.,

2020), it is also possible that drop in crime attractor areas might be less significant due

to the aforementioned inelasticity of motivated offenders.

Finally, our results also show how the pandemic’s impact on crime is disproportion-

ately affecting more vulnerable areas and households. COVID-19 research has mainly

emphasized how the pandemic and government restrictions affect crime through the

alteration of criminal opportunities (Felson et al., 2020). Additionally, some studies

show how these criminal opportunities may interact with heterogeneity in economic

and job opportunities across different regions during the pandemic (e.g., Andresen and

Hodgkinson, 2020; Campedelli et al., 2020; Kirchmaier and Villa-Llera, 2020; Payne et al.,

2021). However, one thing is to show how economic pressures generate psychological

stress and motivation to get involved in crime in line with strain theory (Agnew, 2005),

another is to evaluate how inequality of economic opportunities might differentially

affect the capacity of households to comply with stay at home restrictions and avoid

the risk of being victimized in public areas. While the former explains the presence of

motivated offenders, the latter explains the presence of victims as easy targets when

there is less formal and informal guardianship due to the pandemic (Stickle and Felson,

2020). This differential capacity to stay at home and avoid victimization is relevant

given that crime in the city disproportionally concentrates in few “hotspots” (Jaitman

and Ajzenman, 2016; Weisburd, 2015) and “harmspots” (Weinborn et al., 2017) in the

case of more harmful or severe crimes.

In this paper we show that this cost of crime disproportionally concentrates in more

vulnerable and disadvantaged areas and adds to multiple negative impacts suffered by

income-poor households less likely to have work-from-home jobs. While it has been
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documented that social distancing and lockdown measures have widened inequality

around the world, the focus of this literature has been on the pandemic’s effect on

labor, health and education outcomes (Adams-Prassl et al., 2020; Almeida et al., 2021;

Alstadsæter et al., 2020; Atolia et al., 2021; Bonacini et al., 2021; Chiou and Tucker,

2020; Deaton, 2021; Furceri et al., 2020; Garrote Sanchez et al., 2021; Palomino et al.,

2020; Yamamura and Tsustsui, 2021). According to our results, the ability to work from

home has benefits related to crime victimization that, to the best of our knowledge,

have been overlooked so far.

This study has some implications for crime prevention. First, the pandemic has given

credit to situational crime prevention strategies (Eck and Clarke, 2019) showing that

opportunities matter and crime can significantly be reduced, particularly when there is

little chance of having encounters between motivated offenders and unprotected victims.

At the same time, our results indicate that violent property crimes are less sensitive

to the drastic reduction of opportunities, and thus, prevention efforts might require a

different approach when it comes to more motivated offenders that are willing to commit

crime and use violence when the illegal opportunities have shrunk. Likewise, while

reductions of opportunities seem to have an immediate effect on property crimes, and

particularly on non-violent ones, the effects of strains might probably have mid or long-

term effects on crime, when strains accumulate, become more frequent and more intense

(Eisner and Nivette, 2020; Payne et al., 2021). Additionally, strains mechanisms might

be more relevant in the long term when government measures relaxed and thus changes

in routines will be less important. Thus, crime prevention will require to complement

hardening of criminal opportunities with social programs that focus on helping more

vulnerable households to alleviate the strains product of the socio-economic crisis. The

need to include social crime prevention programs might be particularly relevant in some

regions of the world such as Latin America where the pandemic has taken place in the
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context of very poor socio-economic conditions, weak criminal justice system and state

institutions, and high levels of crime and violence.

This study has some limitations that future research should address. First, there

is a scope limitation. This study only involved the analysis of two crime categories

(thefts and robberies) in a single city. Thus, results may not generalize to other cities or

countries that have been affected by the pandemic and government restrictions in 2020

even in the same region. Replicating our analysis to other cities in Latin America and in

other regions of the world, particularly applying Guntin’s (2021) measure, will improve

our understanding of the heterogeneity of COVID-19 effect on different crimes across

small geographical areas of cities. Since most of the empirical research on COVID-19

and crime has has been conducted in the United States, Europe, and Australia, results

might be different in locations where there is considerable variation of pre-pandemic

crime levels, type and strength of government restrictions, and population’s adherence

to stay-at-home orders. Furthermore, future research will benefit not only by replicating

our results with other aggregate crimes, but particularly by including subcategories of

crime (e.g., residential and nonresidential burglary) which would allow a more detailed

analysis.

Second, there are measurement limitations. Our analysis is based on crimes reported

to the police and there is a well-known problem in criminology of dark figure or gap

between actual crimes and those that are reported or known by the police. More

importantly, reporting of crimes might have been affected during the pandemic due

to less willingness of victims to report due to fear of getting infected, or less police

resources available due to infection or reallocation to tasks related to enforcing mobility

restriction or sanitary policies. Some studies (e.g., Abrams, 2021) have claimed that

underreporting during the pandemic might not be such a significant issue and show

how the drop in crimes that are mainly reported by citizens (e.g. burglaries, robberies,
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thefts, etc.) is similar to those mostly reported by police (e.g. drug crimes). A recent

meta-analysis presented evidence of a peak in domestic violence during the pandemic

combining studies that used different measures such as police recorded data, police

emergency calls, health emergency room admissions, etc (Piquero et al., 2021). Future

studies on COVID-19 should follow this lead in order to improve the robustness of results

and triangulate crime reported to police, with other sources from Health institutions,

and particularly with self-report victimization data.

An additional measurement limitation is that since we lack mobility data at the

neighborhood level, our two measures tap only on the population that lives in the

neighborhood. The pool of potential victims and offenders can involve not only residents

but also nonresidents that might circulate in the area due to leisure, work, or even in

the case of offenders with the purpose of committing crimes. Yet, there are reasons

to believe that these limitations might be less relevant than expected. Criminological

research has shown that offenders find it easier and less costly to commit crimes closer

to their homes and thus their offending drops as distance from their home increases (see,

e.g., Block et al., 2007; Brantingham and Brantingham, 2010). Furthermore, research

has shown that this ‘decay distance’ applies also to victims of robbery (see, e.g., Luo

et al., 2021; Pizarro et al., 2007).

Third, although our study advances in the analysis of underlying heterogeneity of

pandemic effects across areas of the city, more micro level research needs to be conducted.

We expect that neighborhoods in Montevideo hide significant levels of heterogeneity and

future research would benefit from incorporating smaller geographical units of analysis.

A more fine-grained analysis can help us to better understand the interaction between

ecological characteristics of areas, changes in different types of criminal opportunities,

strategic decisions of offenders, potential displacements of crime between those areas,

and how authorities might implement policies in these extraordinary conditions.

30



References

Abrams, D. S. (2021). COVID and crime: An early empirical look. Journal of Public

Economics, 194:104344.

Adams-Prassl, A., Boneva, T., Golin, M., and Rauh, C. (2020). Inequality in the Impact

of the Coronavirus Shock: Evidence from Real Time Surveys. Journal of Public

Economics, 189:104245.

Agnew, R. (2005). Why do criminals offend?: A general theory of crime and delinquency.

Almeida, V., Barrios, S., Christl, M., De Poli, S., Tumino, A., and van der Wielen,

W. (2021). The impact of covid-19 on households´income in the eu. The Journal of

Economic Inequality, pages 1–19.

Alstadsæter, A., Bratsberg, B., Eielsen, G., Kopczuk, W., Markussen, S., Raaum, O.,

and Røed, K. (2020). The first weeks of the coronavirus crisis: Who got hit, when

and why? Evidence from Norway. Technical report, National Bureau of Economic

Research.

Andresen, M. A. and Hodgkinson, T. (2020). Somehow I always end up alone: COVID-19,

social isolation and crime in Queensland, Australia. Crime science, 9(1):1–20.

Ashby, M. P. (2020). Initial evidence on the relationship between the coronavirus

pandemic and crime in the United States. Crime Science, 9:1–16.

Atolia, M., Papageorgiou, C., and Turnovsky, S. J. (2021). Re-opening after the

lockdown: Long-run aggregate and distributional consequences of COVID-19. Journal

of Mathematical Economics, 93:102481.

Barr, R. and Pease, K. (1990). Crime placement, displacement, and deflection. Crime

and Justice, 12:277–318.

31



Becker, G. S. (1968). Crime and punishment: An economic approach. In The economic

dimensions of crime, pages 13–68. Springer.

Bergé, L. (2018). Efficient estimation of maximum likelihood models with multiple

fixed-effects: the R package FENmlm. CREA Discussion Papers, (13).

Block, R., Galary, A., and Brice, D. (2007). The journey to crime: Victims and offenders

converge in violent index offences in Chicago. Security Journal, 20(2):123–137.

Bonacini, L., Gallo, G., and Scicchitano, S. (2021). Working from Home and Income

Inequality: Risks of a ‘New Normal’ with COVID-19. Journal of Population Economics,

34(1):303–360.

Brantingham, P. and Brantingham, P. (1995). Criminality of place. European journal

on criminal policy and research, 3(3):5–26.

Brantingham, P. and Brantingham, P. (2010). Notes on the geometry of crime (1981).

In Classics in Environmental Criminology, pages 247–272. Routledge.

Brantingham, P., Tita, G. E., and Mohler, G. (2021). Gang-related crime in Los Angeles

remained stable following COVID-19 social distancing orders. Criminology & Public

Policy.

Brynjolfsson, E., Horton, J. J., Ozimek, A., Rock, D., Sharma, G., and TuYe, H.-Y.

(2020). COVID-19 and remote work: an early look at US data. Technical report,

National Bureau of Economic Research.

Buchanan, M., Castro, E. D., Kushner, M., and Krohn, M. D. (2020). It’s F** ing

Chaos: COVID-19’s impact on juvenile delinquency and juvenile justice. American

journal of criminal justice, 45(4):578–600.

32



Calderon-Anyosa, R. J. and Kaufman, J. S. (2021). Impact of COVID-19 lockdown

policy on homicide, suicide, and motor vehicle deaths in Peru. Preventive medicine,

143:106331.

Campedelli, G. M., Aziani, A., and Favarin, S. (2020). Exploring the immediate effects

of COVID-19 containment policies on crime: an empirical analysis of the short-term

aftermath in Los Angeles. American Journal of Criminal Justice, pages 1–24.

Cheung, L. and Gunby, P. (2021). Crime and mobility during the covid-19 lockdown: a

preliminary empirical exploration. New Zealand Economic Papers, pages 1–8.

Chiou, L. and Tucker, C. (2020). Social Distancing, Internet Access and Inequality.

Technical report, National Bureau of Economic Research.

Clarke, R. V. and Felson, M. (2017). Introduction: Criminology, routine activity, and

rational choice. In Routine activity and rational choice, pages 1–14. Routledge.

Cohen, L. E. and Felson, M. (1979). Social change and crime rate trends: A routine

activity approach. American sociological review, pages 588–608.

Cunningham, S. (2021). Causal Inference: The Mixtape. Yale University Press.

De la Miyar, J. R. B., Hoehn-Velasco, L., and Silverio-Murillo, A. (2021). Druglords

don’t stay at home: COVID-19 pandemic and crime patterns in Mexico City. Journal

of Criminal Justice, 72:101745.

Deaton, A. (2021). COVID-19 and global income inequality. Technical report, National

Bureau of Economic Research.

Debata, B., Patnaik, P., and Mishra, A. (2020). COVID-19 pandemic! It’s impact on

people, economy, and environment. Journal of Public Affairs, 20(4):e2372.

33



Dingel, J. I. and Neiman, B. (2020). How many jobs can be done at home? Journal of

Public Economics, 189:104235.

Eck, J. E. and Clarke, R. V. (2019). Situational crime prevention: theory, practice and

evidence. In Handbook on crime and deviance, pages 355–376. Springer.

Eisner, M. and Nivette, A. (2020). Violence and the pandemic: Urgent questions for

research. New York: Harry Frank Guggenheim Foundation.

Estévez-Soto, P. R. (2021). Crime and COVID-19: Effect of changes in routine activities

in Mexico City. Crime Science, 10(1):1–17.

Felson, M. and Eckert, M. A. (2018). Crime and everyday life: A brief introduction.

Sage Publications.

Felson, M., Jiang, S., and Xu, Y. (2020). Routine activity effects of the COVID-19

pandemic on burglary in Detroit, March, 2020. Crime Science, 9(1):1–7.

Furceri, D., Loungani, P., Ostry, J. D., and Pizzuto, P. (2020). Will Covid-19 affect

inequality? Evidence from past pandemics. Covid Economics, 12(1):138–157.

Garrote Sanchez, D., Gomez Parra, N., Ozden, C., Rijkers, B., Viollaz, M., and Winkler,

H. (2021). Who on Earth Can Work from Home? The World Bank Research Observer,

36(1):67–100.

Gerell, M., Kardell, J., and Kindgren, J. (2020). Minor COVID-19 association with

crime in Sweden. Crime science, 9(1):1–9.

Google (2020a). Google COVID-19 community mobility reports.

Google (2020b). Mobility report CSV documentation.

34



Gottlieb, C., Grobovsek, J., and Poschke, M. (2020). Working from home across

countries. Covid Economics.

Guidotti, E. and Ardia, D. (2020). Covid-19 data hub. Journal of Open Source Software,

5(51).

Guntin, R. (2021). Working from home and contact-intensive jobs in Uruguay. RISEP

Document.

Hale, T., Angrist, N., Goldszmidt, R., Kira, B., Petherick, A., Phillips, T., Webster, S.,

Cameron-Blake, E., Hallas, L., Majumdar, S., and Tatlow, H. (2021). A global panel

database of pandemic policies (Oxford COVID-19 Government Response Tracker).

Nature Human Behaviour, 5(4):529–538.

Halford, E., Dixon, A., Farrell, G., Malleson, N., and Tilley, N. (2020). Crime and

coronavirus: social distancing, lockdown, and the mobility elasticity of crime. Crime

science, 9(1):1–12.

Hodgkinson, T. and Andresen, M. A. (2020). Show me a man or a woman alone and I’ll

show you a saint: Changes in the frequency of criminal incidents during the COVID-19

pandemic. Journal of Criminal Justice, 69:101706.

Hsu, L.-C. and Henke, A. (2021). COVID-19, staying at home, and domestic violence.

Review of Economics of the Household, 19(1):145–155.

Jaitman, L. and Ajzenman, N. (2016). Crime concentration and hot spot dynamics in

Latin America. Technical report, IDB Working Paper Series.

Kaffenberger, M. (2021). Modelling the long-run learning impact of the COVID-19

learning shock: Actions to (more than) mitigate loss. International Journal of

Educational Development, 81:102326.

35



Kaukinen, C. (2020). When stay-at-home orders leave victims unsafe at home: Exploring

the risk and consequences of intimate partner violence during the COVID-19 pandemic.

American Journal of Criminal Justice, 45:668–679.

Kim, D.-Y. and Phillips, S. W. (2021). When COVID-19 and guns meet: A rise in

shootings. Journal of Criminal Justice, 73:101783.

Kirchmaier, T. and Villa-Llera, C. (2020). Covid-19 and changing crime trends in

England and Wales. Centre for Economic Performance, London School of Economics

and Political . . . .

Langton, S., Dixon, A., and Farrell, G. (2021). Six months in: pandemic crime trends

in England and Wales. Crime Science, 10(1):1–16.

Luo, F., Zhang, Y., and Hoover, L. T. (2021). The journey to crime and victimization.

International Journal of Police Science & Management, page 14613557211008477.

Mauttone, A. and Hernández, D. (2017). Encuesta de movilidad del área metropolitana

de Montevideo. Principales resultados e indicadores.

Miller, S., Johnson, N., and Wherry, L. R. (2019). Medicaid and mortality: new evidence

from linked survey and administrative data. NBER Working Paper.

Mohler, G., Bertozzi, A. L., Carter, J., Short, M. B., Sledge, D., Tita, G. E., Uchida,

C. D., and Brantingham, P. J. (2020). Impact of social distancing during COVID-19

pandemic on crime in Los Angeles and Indianapolis. Journal of Criminal Justice,

68:101692.

Mongey, S., Pilossoph, L., and Weinberg, A. (2021). Which workers bear the burden of

social distancing? The Journal of Economic Inequality, pages 1–18.

36



Nagin, D. S. and Paternoster, R. (1994). Personal capital and social control: The

deterrence implications of a theory of individual differences in criminal offending.

Criminology, 32(4):581–606.

Nagin, D. S. and Pogarsky, G. (2001). Integrating celerity, impulsivity, and extralegal

sanction threats into a model of general deterrence: Theory and evidence. Criminology,

39(4):865–892.

Neanidis, K. C. and Rana, M. P. (2021). Crime in the era of COVID-19: Evidence from

England. Available at SSRN 3784821.

Nicola, M., Alsafi, Z., Sohrabi, C., Kerwan, A., Al-Jabir, A., Iosifidis, C., Agha, M.,

and Agha, R. (2020). The socio-economic implications of the coronavirus pandemic

(COVID-19): A review. International Journal of Surgery, 78:185–193.

Nivette, A., Ribeaud, D., Murray, A., Steinhoff, A., Bechtiger, L., Hepp, U., Shanahan,

L., and Eisner, M. (2021a). Non-compliance with COVID-19-related public health

measures among young adults in Switzerland: Insights from a longitudinal cohort

study. Social Science & Medicine, 268:113370.

Nivette, A. E., Zahnow, R., Aguilar, R., Ahven, A., Amram, S., Ariel, B., Burbano,

M. J. A., Astolfi, R., Baier, D., Bark, H.-M., et al. (2021b). A global analysis of the

impact of COVID-19 stay-at-home restrictions on crime. Nature Human Behaviour,

5:868–877.

Nouvellet, P., Bhatia, S., Cori, A., Ainslie, K. E., Baguelin, M., Bhatt, S., Boonyasiri,

A., Brazeau, N. F., Cattarino, L., Cooper, L. V., et al. (2021). Reduction in mobility

and COVID-19 transmission. Nature Communications, 12(1):1–9.

O’Connell, K., Berluti, K., Rhoads, S. A., and Marsh, A. A. (2021). Reduced social

37



distancing early in the COVID-19 pandemic is associated with antisocial behaviors in

an online united states sample. PLOS ONE, 16(1):e0244974.

Palomino, J. C., Rodríguez, J. G., and Sebastian, R. (2020). Wage inequality and

poverty effects of lockdown and social distancing in Europe. European Economic

Review, 129:103564.

Payne, J. and Morgan, A. (2020). COVID-19 and Violent Crime: A comparison of

recorded offence rates and dynamic forecasts (ARIMA) for March 2020 in Queensland,

Australia.

Payne, J. L., Morgan, A., and Piquero, A. R. (2021). Exploring regional variability

in the short-term impact of COVID-19 on property crime in Queensland, Australia.

Crime science, 10(1):1–20.

Peterman, A., Potts, A., O’Donnell, M., Thompson, K., Shah, N., Oertelt-Prigione, S.,

Van Gelder, N., et al. (2020). Pandemics and violence against women and children,

volume 528. Center for Global Development Washington, DC.

Pieh, C., Budimir, S., Delgadillo, J., Barkham, M., Fontaine, J. R., and Probst, T. (2021).

Mental health during COVID-19 lockdown in the United Kingdom. Psychosomatic

medicine, 83(4):328–337.

Piquero, A. R., Jennings, W. G., Jemison, E., Kaukinen, C., and Knaul, F. M. (2021).

Evidence from a systematic review and meta-analysis: Domestic Violence during the

COVID-19 Pandemic. Journal of Criminal Justice, page 101806.

Piquero, A. R., Riddell, J. R., Bishopp, S. A., Narvey, C., Reid, J. A., and Piquero,

N. L. (2020). Staying home, staying safe? a short-term analysis of COVID-19 on

Dallas domestic violence. American Journal of Criminal Justice, 45(4):601–635.

38



Pizarro, J. M., Corsaro, N., and Yu, S.-s. V. (2007). Journey to crime and victimization:

An application of routine activities theory and environmental criminology to homicide.

Victims and Offenders, 2(4):375–394.

Poblete-Cazenave, R. (2020). The Great Lockdown and criminal activity: evidence from

Bihar. India Covid Econ, 29:141–163.

Rosenfeld, R. and Lopez, E. (2020). Pandemic, social unrest, and crime in US cities.

Council on Criminal Justice.

Roser, M. and Ortiz-Ospina, E. (2021). COVID-19: Stringency Index. Published online

at OurWorldInData.org.

Silverio-Murillo, A., Balmori de la Miyar, J. R., and Hoehn-Velasco, L. (2020). Families

under confinement: COVID-19, domestic violence, and alcohol consumption. Domestic

Violence, and Alcohol Consumption (September 7, 2020).

Stickle, B. and Felson, M. (2020). Crime rates in a pandemic: The largest criminological

experiment in history. American Journal of Criminal Justice, 45(4):525–536.

Taylor, L. (2021). Why Uruguay lost control of COVID. Nature, 595:21.

Weinborn, C., Ariel, B., Sherman, L. W., and O’Dwyer, E. (2017). Hotspots vs.

harmspots: Shifting the focus from counts to harm in the criminology of place.

Applied geography, 86:226–244.

Weisburd, D. (2015). The law of crime concentration and the criminology of place.

Criminology, 53(2):133–157.

World Health Organization (2021). WHO Coronavirus (COVID-19) Dashboard.

39



Xiong, J., Lipsitz, O., Nasri, F., Lui, L. M., Gill, H., Phan, L., Chen-Li, D., Iacobucci,

M., Ho, R., Majeed, A., et al. (2020). Impact of COVID-19 pandemic on mental

health in the general population: A systematic review. Journal of Affective Disorders.

Yamamura, E. and Tsustsui, Y. (2021). School Closures and Mental Health during the

COVID-19 Pandemic in Japan. Journal of Population Economics, pages 1–38.

40



Tables and figures

41



Table 1: Difference-in-differences designs for thefts

(1) (2) (3) (4)

Pre δ̂1 −0.04 0.00
(0.05) (0.04)

Treat × Pre δ̂2 −0.04 −0.12**
(0.06) (0.06)

Post δ̂3 −0.12*** −0.13*** −0.05 −0.06
(0.04) (0.04) (0.04) (0.04)

Treat × Post δ̂4 −0.13** −0.14** −0.27*** −0.27***
(0.05) (0.05) (0.06) (0.06)

N 2688 2688 2688 2688
AIC −520.7 −522.4 −969.0 −976.0
FE: Neighborhood αi Yes Yes Yes Yes
FE: Month βm Yes Yes Yes Yes
FE: Year γt Yes Yes Yes Yes
FE: Neighborhood × Year θit No No Yes Yes
Standard Errors Clustered Clustered Clustered Clustered
* p < 0.1, ** p < 0.05, *** p < 0.01
Note: This table reports the OLS estimates for alternative versions of Equation 3: (i) with and
without the pre-treatment dummy variables (i.e., columns (1) and (3) vs. columns (2) and (4)),
and (ii) with and without neighborhood-year fixed effects (i.e., columns (1) and (2) vs. columns (3)
and (4)). Standard errors are clustered at the neighborhood level. All models were estimated using
the R package fixest by Bergé (2018).
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Table 2: Difference-in-differences designs for robberies

(1) (2) (3) (4)

Pre δ̂1 0.08 −0.09
(0.08) (0.07)

Treat × Pre δ̂2 −0.21*** 0.11
(0.07) (0.10)

Post δ̂3 −0.07 −0.06 −0.25*** −0.25***
(0.07) (0.07) (0.07) (0.07)

Treat × Post δ̂4 −0.42*** −0.45*** −0.07 −0.07
(0.09) (0.09) (0.10) (0.10)

N 2688 2688 2688 2688
AIC 1760.3 1734.7 1490.8 1492.3
FE: Neighborhood αi Yes Yes Yes Yes
FE: Month βm Yes Yes Yes Yes
FE: Year γt Yes Yes Yes Yes
FE: Neighborhood × Year θit No No Yes Yes
Standard Errors Clustered Clustered Clustered Clustered
* p < 0.1, ** p < 0.05, *** p < 0.01
Note: This table reports the OLS estimates for alternative versions of Equation 3: (i) with and
without the pre-treatment dummy variables (i.e., columns (1) and (3) vs. columns (2) and (4)),
and (ii) with and without neighborhood-year fixed effects (i.e., columns (1) and (2) vs. columns (3)
and (4)). Standard errors are clustered at the neighborhood level. All models were estimated using
the R package fixest by Bergé (2018).
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Figure 1: Time series plot of daily confirmed new COVID-19 cases in Uruguay in 2020.
The solid grey line indicates the date on which stay-at-home orders were implemented
(March 13th, 2020).
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Figure 2: Time series plots of Oxford COVID-19 Government Response Tracker’s
(OxCGRT) stringency index (Hale et al., 2021) and Google mobility indexes (seven-day
averages, Google, 2020a,b) for Argentina (AR), Brazil (BR), Peru (PE), and Uruguay
(UY). The solid grey line indicates the date on which stay-at-home guidelines were
implemented (March 13th, 2020). The dashed grey lines indicate the dates on which
stay-at-home guidelines were eased: April 13th (construction resumes activity), June
15th (first schools reopen), and July 11th (all private and public school resume activities
after winter break).
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Figure 3: Work-from-home index (Guntin, 2021) and average labor income (in thousands
of local currency, monthly, 2019) in Montevideo, by neighborhood.
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Figure 4: Time series plots of daily police reports (theft and robbery) in Montevideo.
The solid grey line indicates the date on which stay-at-home orders were implemented
(March 13th, 2020). The dashed grey lines indicate the dates on which stay-at-home
orders were eased: April 13th (construction resumes activity), June 15th (first schools
reopen), and July 11th (all private and public school resume activities after winter
break).
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Figure 5: Dynamic event-study designs. Point estimates, δ̂τ , are reported with 95%
and 90% confidence intervals by month. January and February coefficients are set to
zero. The solid grey line indicates the month in which stay-at-home guidelines were
issued (March 2020).
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Figure 6: Pre-pandemic distribution of crime reports in Montevideo (police reports per
10,000 habitants, monthly average, 2019).
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Figure 7: Event-study design results based on Equation 1 (point estimates, δ̂), by
neighborhood.
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Figure 8: Treated, untreated, and excluded neighborhoods based on the work-from-home
(tasks) index of Guntin (2021) and a 25% threshold.
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Figure 9: Dynamic difference-in-differences design for theft (Equation 4). OLS point
estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by month

are reported. January and February coefficients are set to zero. The solid grey line
indicates the period on which stay-at-home restrictions were implemented (March 2020).
Standard errors are clustered at the neighborhood level.
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Figure 10: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by

month are reported. January and February coefficients are set to zero. The solid grey
line indicates the period on which stay-at-home restrictions were implemented (March
2020). Standard errors are clustered at the neighborhood level.

53
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A.1 Additional tables

Table A.1: Event-study designs for thefts

(1) (2) (3) (4)

Post −0.23*** −0.18***
(0.05) (0.04)

03/2020 −0.15** −0.11
(0.07) (0.11)

04/2020 −0.36*** −0.32***
(0.07) (0.11)

05/2020 −0.26*** −0.21*
(0.07) (0.11)

06/2020 −0.22*** −0.18*
(0.07) (0.11)

07/2020 −0.26*** −0.21**
(0.07) (0.11)

08/2020 −0.27*** −0.23**
(0.07) (0.11)

09/2020 −0.16** −0.12
(0.07) (0.11)

10/2020 −0.18** −0.14
(0.07) (0.11)

11/2020 −0.14* −0.09
(0.07) (0.11)

12/2020 −0.25*** −0.21*
(0.07) (0.11)

N 84 84 84 84
AIC −233.3 −148.0 −232.6 −135.2
FE: month Yes Yes Yes Yes
FE: year Yes No Yes No
Time Trend No Yes No Yes
Standard Errors Standard Standard Standard Standard
* p < 0.1, ** p < 0.05, *** p < 0.01
Note: This table reports the coefficients from the event study specification
(equations 1 and 2). All models were estimated using the R package fixest by
Bergé (2018).
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Table A.2: Event-study designs for robberies

(1) (2) (3) (4)

Post −0.30*** −0.12**
(0.06) (0.06)

03/2020 −0.18* −0.01
(0.10) (0.16)

04/2020 −0.43*** −0.25
(0.10) (0.16)

05/2020 −0.39*** −0.21
(0.10) (0.16)

06/2020 −0.44*** −0.27
(0.10) (0.16)

07/2020 −0.17* 0.01
(0.10) (0.16)

08/2020 −0.19* −0.02
(0.10) (0.16)

09/2020 −0.21** −0.03
(0.10) (0.16)

10/2020 −0.33*** −0.15
(0.10) (0.16)

11/2020 −0.30*** −0.12
(0.10) (0.16)

12/2020 −0.34*** −0.17
(0.10) (0.16)

N 84 84 84 84
AIC −176.9 −77.3 −179.5 −64.4
FE: month Yes Yes Yes Yes
FE: year Yes No Yes No
Time Trend No Yes No Yes
Standard Errors Standard Standard Standard Standard
* p < 0.1, ** p < 0.05, *** p < 0.01
Note: This table reports the coefficients from the event study specification
(equations 1 and 2). All models were estimated using the R package fixest by
Bergé (2018).
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A.2 Robustness: work-from-home (survey)

Treated

Untreated

Excluded

Figure A.1: Treated, untreated, and excluded neighborhoods based on INE’s Encuesta
Continua de Hogares survey questions regarding remote work and a 25% threshold.
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Figure A.2: Scatterplot shows correlation between the work-from-home (tasks) index
(Guntin, 2021) and the work-from-home (survey) index. The linear relationship between
average decline and work-from-home index (solid dark grey line) and 95% confidence
intervals (shaded area).
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Figure A.3: Dynamic difference-in-differences design for theft (Equation 4). OLS point
estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by month

are reported. January and February coefficients are set to zero. The solid grey line
indicates the period on which stay-at-home restrictions were implemented (March 2020).
Standard errors are clustered at the neighborhood level. Main results obtained using the
work-from-home (tasks) index, robustness results obtained using the work-from-home
(survey) index.
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Figure A.4: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals

by month are reported. January and February coefficients are set to zero. The solid
grey line indicates the period on which stay-at-home restrictions were implemented
(March 2020). Standard errors are clustered at the neighborhood level. Main results
obtained using the work-from-home (tasks) index, robustness results obtained using the
work-from-home (survey) index.
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A.3 Robustness: 33% threshold

Treated
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Figure A.5: Treated, untreated, and excluded neighborhoods based on the work-from-
home (tasks) index of Guntin (2021) and a 33% threshold.
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Figure A.6: Dynamic difference-in-differences design for theft (Equation 4). OLS point
estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by month

are reported. January and February coefficients are set to zero. The solid grey line
indicates the period on which stay-at-home restrictions were implemented (March 2020).
Standard errors are clustered at the neighborhood level. Main results obtained using a
25% threshold, robustness results obtained using a 33% threshold.
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Figure A.7: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by

month are reported. January and February coefficients are set to zero. The solid grey
line indicates the period on which stay-at-home restrictions were implemented (March
2020). Standard errors are clustered at the neighborhood level. Main results obtained
using a 25% threshold, robustness results obtained using a 33% threshold.
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A.4 Robustness: 50% threshold

Treated

Untreated
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Figure A.8: Treated, untreated, and excluded neighborhoods based on the work-from-
home (tasks) index of Guntin (2021) and a 50% threshold.
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Figure A.9: Dynamic difference-in-differences design for theft (Equation 4). OLS point
estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by month

are reported. January and February coefficients are set to zero. The solid grey line
indicates the period on which stay-at-home restrictions were implemented (March 2020).
Standard errors are clustered at the neighborhood level. Main results obtained using a
25% threshold, robustness results obtained using a 50% threshold.
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Figure A.10: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by

month are reported. January and February coefficients are set to zero. The solid grey
line indicates the period on which stay-at-home restrictions were implemented (March
2020). Standard errors are clustered at the neighborhood level. Main results obtained
using a 25% threshold, robustness results obtained using a 50% threshold.
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A.5 Robustness: no 2020 fixed effects
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Figure A.11: Dynamic difference-in-differences design for theft (Equation 4). OLS point
estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by month

are reported. The solid grey line indicates the period on which stay-at-home restrictions
were implemented (March 2020). Standard errors are clustered at the neighborhood
level. Main results obtained setting January and February coefficients to zero, robustness
results obtained assuming a 2020 year fixed effect equal to the 2019 fixed effect.
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Figure A.12: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals

by month are reported. The solid grey line indicates the period on which stay-at-home
restrictions were implemented (March 2020). Standard errors are clustered at the
neighborhood level. Main results obtained setting January and February coefficients to
zero, robustness results obtained assuming a 2020 year fixed effect equal to the 2019
fixed effect.
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A.6 Robustness: Central Business District excluded

CBD

Treated

Untreated

Excluded

Figure A.13: Treated, untreated, and excluded neighborhoods based on the work-
from-home (tasks) index of Guntin (2021) and a 25% threshold. Neighborhoods in
Montevideo’s central business district (CBD) also excluded.
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Figure A.14: Dynamic difference-in-differences design for theft (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by

month are reported. January and February coefficients are set to zero. The solid grey
line indicates the period on which stay-at-home restrictions were implemented (March
2020). Standard errors are clustered at the neighborhood level. Main results obtained
using all 62 neighborhoods, robustness results obtained after removing neighborhoods
in Montevideo’s central business district.
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Figure A.15: Dynamic difference-in-differences design for robbery (Equation 4). OLS
point estimates, δ̂1

τ . . . δ̂
4
τ (with τ = 3, . . . , 12), and 95% and 90% confidence intervals by

month are reported. January and February coefficients are set to zero. The solid grey
line indicates the period on which stay-at-home restrictions were implemented (March
2020). Standard errors are clustered at the neighborhood level. Main results obtained
using all 62 neighborhoods, robustness results obtained after removing neighborhoods
in Montevideo’s central business district.
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