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Resumo
Estudamos os efeitos colaterais da legalização da maconha no Uruguai sobre as taxas de
crime em municipios brasileiros próximos da fronteira. Utilizamos dados sobre ocorrências
de crimes e apreensões de drogas de duas fontes primárias, a Secretaria de Segurança
Pública do Rio Grande do Sul (RSDPS) e a Brigada Militar do Rio Grande do Sul,
respectivamente. Para identificar um efeito causal, utilizamos o estimador de Diferença
em Diferenças. Constatamos que a legalização no Uruguai aumentou as taxas de posse
de entorpecentes e apreensões de maconha nos municípios brasileiros mais próximos da
fronteira. Além disso, a legalização também esta associada a um aumento das apreensões
de outras drogas ilícitas, como cocaína e crack.

Palavras-chave: maconha recreacional, legalização da maconha, efeitos de spillover, crime



Abstract
We study the spillover effects of marijuana legalization in Uruguay (RML) on crime rates
in bordering localities of Brazil. We use data on crime occurrences and drug apprehensions
from two primary sources, the Rio Grande do Sul Department of Public Safety (RSDPS)
and Brigada Militar do the Rio Grande do Sul , respectively. To identify a causal effect, we
employ a Difference in Difference approach. We find that RML implementation in Uruguay
increased drug possession rates and marijuana seizures in Brazilian municipalities closer
to the border. Moreover, it also increases the apprehension of other illicit drugs, such as
cocaine and crack.

Keywords: recreational marijuana legalization, spillover effect, crime rates

JEL Classification: K14, I18, H73
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1 Introduction

In the last decade, there have been substantial changes in policies related to
marijuana consumption. For instance, since 2012, the sale and consumption of recreational
marijuana have been approved in two countries, Uruguay and Canada, and in other 18
U.S. states. Moreover, support for these types of policies has been growing in many places.
According to a survey conducted by the Pew Research Center, 91% of Americans believe
that marijuana should be legal for recreational and medical use (60%) or only for medical
purposes (31%) (Green, 2021). In Europe, a survey conducted in eight different countries
revealed that in each country, except the Netherlands, the majority of residents support
marijuana legalization. On average, across the eight countries, 55% said they support
legalizing cannabis (Daly, 2022).

Supporters of the policies claim that legalization would have positive fiscal impacts
through cannabis sales taxes. In addition, it would reduce the social costs involved in
incarceration and drug enforcement related to the substance. Indeed, a reduction in crime
rates may be among the positive impacts for localities that adopt such policies (Adda
et al., 2014; Brinkman and Mok-Lamme, 2019; Gavrilova et al., 2019). Also, medical
and recreational marijuana laws have shown to be associated with a reduction in alcohol
consumption and binge drinking (Anderson and Rees, 2014; Wen et al., 2015; Dragone
et al., 2019).

What has not yet been explored are the plausible collateral effects of drug legal-
ization on bordering jurisdictions. Marijuana legalization should trigger an increase in
supply (Caulkins and Reuter, 2010), which, if it spills over neighboring areas, could disrupt
drug-dealing local markets, potentially affecting important socioeconomic outcomes such
as crime (Dobkin and Nicosia, 2009; Dobkin et al., 2014; d’Este, 2021) and public health
(Cunningham and Liu, 2003; Cunningham and Finlay, 2013). Therefore, understanding the
spillover effects of marijuana legalization is crucial to guide decision-making in bordering
jurisdictions, as such undesired impacts may contribute to a higher burden on public
services.

In this paper we aim at filling this gap by studying the spillover effects of massive
marijuana legalization in Uruguay on the bordering localities of Brazil. In December
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2013, Uruguay approved the law that regulated the cultivation, sale, and consumption of
marijuana (Parlamient of Uruguay, 2013). After legalization marijuana average retail prices
have declined in the country, while prices increased in other South American countries in
the same period (UNODC, 2021). According to the annual World Drug Reports conducted
by United Nations Office on Drugs and Crime (UNODC), there was a substantial decrease
in the average drug price, which declined from 2.46 in 2013 to 1.14 U.S dollars six years
later (UNODC, 2015, 2021). We hypothesize that this shock made Uruguayan marijuana
more attractive to bordering localities in Brazil, thus increasing smuggling and drug-related
crimes.

We use crime information from two primary sources. First, we use the Rio Grande
do Sul Department of Public Safety (RSDPS) data. It has information on the number
of crime occurrences at the municipality-year level from 2002 to 2019 for several crime
categories. 1 Second, we use the information on the number of drug seizures detailed by
drug type from the Brigada Militar of Rio Grande do Sul. 2 To identify a causal effect, we
apply a Difference-in-Differences estimator, where the treatment status is a continuous
variable equal to travel time from a given municipality in Rio Grande do Sul (RS) to
Uruguay.

We find that recreational marijuana legalization (RML) implementation in Uruguay
caused an increase of 19.31 drug possession occurrences per 100 thousand inhabitants as
the municipality of RS is 1% closer to the Uruguayan border. The effect is substantial
as it corresponds to an 0.26 standard deviation of the drug possession rate. This finding
corroborates the literature: Hao and Cowan (2020) concluded that marijuana legalization
in Colorado and Washington led to an increase in marijuana possession arrests in border
counties of adjacent states.

To understand further the impact of RML in Uruguay on drug-related crimes in RS
municipalities, we used data on drug apprehension rates detailed by drug type. Our results
indicate that legalization in Uruguay increased the number of drug seizures of Brazil’s three
most consumed drugs: marijuana, cocaine, and crack. We interpret the findings on cocaine
and crack as second-order effects resulting from the increased availability of marijuana
in the municipalities closer to Uruguay. They suggest that marijuana consumption is
complementary to crack and cocaine use, which corroborates earlier work in the literature
1 Rio Grande do Sul (RS) is one of the 26 states in Brazil. It is the only state that borders Uruguay .
2 Brigada Militar is the state police of Rio Grande do Sul, responsible for preserving the public order.
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that found a negative association between the price of cocaine and cannabis consumption
(Saffer and Chaloupka, 1999; DeSimone and Farrelly, 2003).

A potential threat to our identification strategy is modifications in police enforce-
ment in RS state. For instance, changes in police behavior could bias our estimations if they
correlate with the treatment variable. To account for this possibility, we use the numbers
of police officers by municipality collected from the Annual List of Social Information
(RAIS) as the outcome variable in our empirical strategy. There was no association between
the treatment variable and the police force of the law enforcement agencies considered,
which substantiates that changes in police enforcement are not a confounding factor to
our empirical strategy.

Our study adds to a growing literature that evaluates the public health effects of
the adoption of medical and recreational marijuana laws. The outcomes considered by
researchers in the literature are broad and include youth marijuana use, alcohol and opiates
abuse, traffic fatalities, and crime rates (Anderson and Rees, 2021). More specifically, we
contribute to the strand of the literature that explores the adoption of such laws as natural
experiments to estimate their effects on crime. Even in different contexts, literature has
generally found a negative association between marijuana legalization and crime rates
(Adda et al., 2014; Brinkman and Mok-Lamme, 2019; Gavrilova et al., 2019; Huber III
et al., 2016). We fill an important gap in the literature by exploring the spillover effects
of marijuana legalization in Uruguay. As far we are concerned, Hao and Cowan (2020)
is the only work that, instead of analyzing the local effects, has explored the impacts of
marijuana legalization on neighboring states. We expand their work by evaluating the
impacts on non-drug-related crimes such as violent and property crimes, for which we find
no effects. Also, we find positive spillover effects on apprehensions of other drugs rather
than marijuana, like cocaine and crack. Therefore, our work accumulates evidence towards
the idea that marijuana legalization may have undesired consequences on the crime of
neighboring jurisdictions.

Furthermore, we contribute by studying a legalization experience that has not yet
been addressed in the crime literature. Addressing the Uruguayan legalization is relevant
because it was very distinct from the experiences in the United States. Uruguay developed
a stricter model of legalization when compared to Colorado and Washington that followed
a more market-oriented approach (Pardo, 2014). Uruguay lawmakers established a heavily
regulated production and pharmacy distribution system with prices set by the government



Chapter 1. Introduction 13

and sales disallowed to non-residents to avoid drug tourism (Cerdá and Kilmer, 2017;
Obradovic, 2021). The more regulated production could limit the impact on the marijuana
supply; therefore, the reduction in prices could not be large enough to create incentives for
individuals in neighboring localities to buy Uruguayan cannabis. Also, the fact that non-
residents are not allowed to buy marijuana imposes a legal cost on Brazilian individuals,
reducing the benefits of purchasing marijuana in Uruguay. Moreover, our findings are
meaningful as we show that despite their stricter regulations, Uruguay’s legalization has
nevertheless affected crime in RS state.

The remainder of this paper is organized as follows. In section 2, we provide a brief
description of the implementation of marijuana legalization in Uruguay. Next, in section 3,
we discuss our econometric approach. The following section describes our data sources
and provides descriptive statistics analysis. In section 5, we present results under different
specifications. Finally, in section 6, we present our final considerations.
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2 Institutional Background

In December 2013, the former president José ’Pepe’ Mujica signed the bill that
legalized cannabis (Parlamient of Uruguay, 2013). The law established three legal ways
for an Uruguayan citizen to access the drug: commercial purchases, home growing, and
cannabis clubs. The new legislation instituted a cultivation and sale system heavily
regulated by the federal government, where few companies have obtained a license to
produce. This cannabis can only be purchased in one of the 14 pharmacies authorized,
according to the last report released by the Instituto de Regulación y Control da Cannabis
(IRCCA) in May 2020 (Instituto de Regulación y Control del Cannabis, 2020). As an
alternative, individuals can grow up to six plants for personal consumption. The 8418
registered home growers are inspected by the IRCCA, which monitors if their production
falls under the regulations. The last option to obtain marijuana is to join cannabis clubs.
They are non-profit private organizations of 15-45 users who can grow up to 99 cannabis
plants for their own consumption. The regulation was implemented in several phases. Home
growers and cannabis clubs begin registration in August and October of 2014, respectively.
While marijuana sales at pharmacies only began in July 2017.

Since the beginning of sales at pharmacies until May 2020, more than 4.1 tons of
marijuana have been produced (Instituto de Regulación y Control del Cannabis, 2020). The
IRCCA does not provide the numbers on home cultivation and cannabis clubs production.
As legal production has partially replaced the black market, it is impossible to assure
that Uruguay’s drug supply grew after legalization. To determine whether this occurred,
information on the size of the marijuana supply before the law passed would be necessary,
however it is not publicy available. Though we cannot empirically establish that the
marijuana supply expanded, economic reasoning corroborates the idea that legalization can
boost supply since drug enforcement policies impose legal costs for illegal drug suppliers
(Caulkins and Reuter (2010)).

Consistent with that, marijuana average retail prices have declined in the country,
while prices increased in other South American countries in the same period. According
to the annual World Drug Reports conducted by United Nations Office on Drugs and
Crime (UNODC), the average retail price of marijuana in Uruguay declined from 2.46
U.S dollars in 2013 to 1.14 U.S. dollars in 2019 which corresponds to a substantial 53%
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decrease (UNODC, 2021, 2015). The other countries of South America for which UNODC
has information experienced an increase in marijuana average prices: 34% in Bolivia
from 2012 to 2019, 21% in Chile from 2013 to 2019, and 233% in Ecuador from 2011 to
2019 (UNODC, 2013, 2014, 2015, 2021). Not only has the price diminished in Uruguay,
but also the quality of marijuana increased after legalization. The low-quality marijuana
usually imported from Paraguay, called marijuana prensada, was substituted for marijuana
flower buds cultivated nationally. According to the Observatorio Uruguayo de Drogas,
the proportion of users who consume marijuana prensada reduced from 58.2% in 2014 to
11.6% in 2018 (Instituto de Regulación y Control del Cannabis, 2020). As Hao and Cowan
(2020) show in a different setting, a declining cost, increasing quality, and a plausible
higher supply of marijuana in Uruguay could attract individuals from neighboring areas
in Brazil to purchase it and smuggle it back home. Those incentives are expected to be
greater the closer the individual lives to Uruguay since traveling costs can outweigh the
benefits of buying cheaper marijuana for individuals that reside in distant municipalities.
Hence, after marijuana legalization, the rate of marijuana-related apprehensions in border
municipalities could potentially increase versus those farther away.
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3 Empirical Strategy

The primary goal of our analysis is to estimate the spillover effects of RML in
Uruguay on crime in RS municipalities. As we discussed in the previous section, those
effects are expected to be a decreasing function of the traveling time from a municipality
in RS to Uruguay. Hence, we use this continuous variable as our treatment to identify the
spillover effects of marijuana legalization. Being more precise and following Callaway et al.
(2022), our parameter of interest is the average causal response of the municipality’s crime
rates to an incremental change in its proximity to Uruguay after marijuana legalization.

If our treatment variable were binary, this parameter would be identified under a
usual parallel trends assumption that crime rates would follow the same trend in both
treated and control groups in the absence of marijuana legalization. However, there are no
untreated units in our case, where treatment is continuous with varying intensity or dose.
Therefore, the usual parallel trends that impose restrictions on untreated outcomes are
not suitable. To identify our parameter of interest, we need to suppose that, for all the
values that the treatment variable assumes, the trend in crime rates for a municipality
that was exposed to a particular treatment intensity would be the same as the average
change in crime rates across all municipalities if they had experienced that same particular
treatment dose.

Under this modified common trends assumption, the DID estimator is a positively
weighted average of the causal response parameters across treatment intensities. However,
the weights are not equal to the number of observations exposed to a particular dose, which
would be the natural weighting scheme (Callaway et al., 2022). Instead, the estimator
puts more weight on municipalities assigned with treatment doses close to the treatment
variable mean. Despite these issues, we decided to apply the DID estimator, since Callaway
et al. (2022) has not yet provided an alternative estimator.

Thus, the main specification of our empirical strategy takes the following form:

yit = λt + µi + β log (timei) × Postt + ϵit (3.1)

where yit is the outcome variable in municipality i in year t. The variables considered
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are drug possession, drug trafficking, drug apprehensions, violent and property crime rates
per 100,000 inhabitants. λt and µi are time and municipality fixed effects, respectively,
which allows us to control for non-observables that are fixed within those dimensions.
Postt is a dummy that assumes value one for years after marijuana legalization in 2013
and log (timei) denotes the natural logarithm of the travelling time from municipality
i to Uruguay. Their interaction identifies our coefficient of interest β, which captures
the spillover effects of RML in Uruguay on crime. Finally, ϵit is the random term, and
observations are weighted by the municipality’s population size.

Being more precise about our treatment variable definition, (timei) is the minimum
traveling time from the center of municipality i to the centroids of Uruguayan municipalities
that border Rio Grande do Sul. We used Google’s Distance Matrix API, which estimates
travel distance and time for a matrix of origins and destinations. First, at RS, we defined
the centroid of each municipality as the origin point. Second, in order to reduce the
dimensionality of our problem, instead of considering all the points that compose the
Uruguay border, we defined the centroid of each seccion censale that border RS as
the arrival points 1. Third, using Google’s API, we calculate the travel time from each
municipality of RS to the Uruguayan regions selected and take the minimum. Finally, we
take the log of the travel time variable.

In our main specification, we choose to take logs because we suppose that the
spillover effects of marijuana legalization are not linear in the travel time to Uruguay.
If individuals have a concave utility function, the same increment in travel time has a
stronger impact on individuals living nearer to Uruguay than those residing in more distant
municipalities. Hence, the natural logarithm, a concave function, captures this rationale.
Next, Figure 1 illustrates the distribution of our treatment variable across municipalities.

With regards to inference, we follow common practice and use cluster-robust stan-
dard errors (CRVE) at the municipality level, thus accounting for possible heteroskedasticity
and serial correlation in the error term (Bertrand et al., 2004). Furthermore, as a robustness
check, we evaluate other specifications where we alter our treatment definition and include
a vector of control variables. We estimate equation 3.1 without taking the logs of the travel
time variable and consider distance and log-distance to Uruguay as alternative treatment
1 "Subdivisión de los departamentos censales en porciones de territorio que pueden incluir áreas aman-

zanadas (comúnmente identificadas como urbanas) y no amanzanadas (comúnmente identificadas como
rurales)". For more information on the administrative divison of Uruguay see (Instituto Nacional de
Estadística (INE) del Uruguay, 2011).
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definitions. The inclusion of time-varying covariates allows us to control for trends in
crime rates correlated to observable variables. In the Data section, we discuss the control
variables included in further detail.

Figure 1 – Rio Grande do Sul municipalities by treatment status. Elaborated by the author.

Besides the issues related to new developments in the DID literature discussed
previously, there is another concern regarding our methodological approach. In our model,
policy changes that deferentially affect crime in border municipalities at the same timing
as legalization in Uruguay are potential threats to the identification strategy. In 2015 there
was a relevant change in police enforcement in the region; the RS Government created
specialized units to prevent and combat crimes in the zone up to 150km from the border
with Argentina and Uruguay (G1 RS, 2015). This policy may act as a confounding factor
in our estimations since it correlates with our treatment variable. To address this issue,



Chapter 3. Empirical Strategy 19

we use data on police force numbers per municipality as our outcome variable in equation
3.1 to test whether they are correlated to treatment.
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4 Data

In this section, we describe the data sets used in our work. In the first two
subsections, we describe the data from the Rio Grande do Sul Department of Public
Safety (RSDPS, henceforth) and Base Militar (BM, henceforth). We use these data sets
to evaluate our main results. In the third subsection, we report how we utilized the
Annual List of Social Information (RAIS) to estimate the police force numbers for each
municipality. Lastly, we discuss the control variables used in our estimations.

4.0.1 RS Department of Public Safety

The primary data set we use in our analysis comes from the Rio Grande do Sul
Department of Public Safety. The RSDPS has publicly available information on the number
of crime occurrences at the municipality-year level from 2002 to 2020. These data are
compiled from administrative records on reported crimes with the state policies.

The data provides information on crime in 23 categories. For our main analysis,
we select the two drug crimes categories: drug possession and trafficking. We also define
a violent crime rate as the sum of the crimes that we consider most generally linked to
drug trafficking organizations: homicides, robberies, latrocínios, and crimes related to guns
and ammunition. 1 Additionally, we consider the property crime rate as the sum of thefts
and frauds. The crime rates consist of the number of those respective crimes per 100,000
inhabitants in each municipality. Therefore, we also collect information on municipalities
population size from IBGE (Brazilian Institute of Geography and Statistics).2

Table 1 presents summary statistics for the crime categories mentioned above in
Panel A. It shows that drug possession is more prevalent than drug trafficking occurrences,
with 42.81 against 23.43 per 100,000 inhabitants. As expected, among the crime categories
considered in the violent crime rate, robberies are way more prevalent than the others,
followed by crimes related to guns and ammunition, homicides, and latrocínios. Additionally,
1 Latrocínio is a sort of robbery when the violence employed results in a murder. (Parlamient of Brazil,

1940)
2 The Brazilian Institute of Geography and Statistics is a public institute of federal administration

whose function is to collect and provide data and information about the Brazilian territory and its
population.
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thefts are the most frequent crime in our dataset, with 1150 per 100,000 inhabitants.

4.0.2 Brigada Militar

The drug possession and trafficking variables in the RSDPS data set do not specify
which kind of drug was involved in the criminal occurrence. To overcome this issue, we
obtained data on drug seizures made by the Brigada Militar at the municipality-year level
from 2011 to 2019. This database comprises information on seven drug types: cannabis,
ecstasy, cocaine, crack, hashish, oxidado, and cannabis plants. Summary statistics for the
apprehension rates of each drug are presented in Panel B of Table 1. As can be seen, the
most common drugs apprehended are marijuana, cocaine, and crack, in that particular
order. The apprehension of other drugs is very uncommon; therefore, we focus on the three
most apprehended drugs when presenting our results in the next section.

4.0.3 Police force numbers - RAIS

As we mentioned earlier in the methodology section, we use the police force
numbers to verify the mechanisms leading to our main results. To calculate the police
force numbers, we use the Annual List of Social Information (RAIS) survey. RAIS is an
annual administrative report by the Ministry of Labor that must be completed by all
firms in Brazil with registered workers. It brings information on socioeconomic and job
characteristics such as gender, age, occupation, and work location for each worker in the
data set. To calculate the number of police officers working in each municipality, first, we
used the occupation variable to filter for police officers, and then we counted the number of
officers in each municipality using the work location variable. The occupation information
in RAIS follows the Brazilian Classification of Occupations. In Table 9 in the Appendix,
we present a list of the codes we used in our estimation.

One important caveat in our calculation is that, during the period between 2012
and 2016, RAIS had a reporting problem in the work location variable. During this period,
the police officers are concentrated in a few municipalities, as we see in Table 2, which
report descriptive statistics of our police force data. In panel C (2012-2016 period), 90 %
quantiles are equal to zero, and maximum values are much higher when compared to other
periods, indicating that there are no officers in most municipalities and most of them are
designated to a single municipality. Additionally, the similarities in the summary statistics
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in panel A (2017 period) and panel B (2011 period) show that this reporting problem does
not persist after 2017. Hence, we remove the period between 2012-2016 from our analysis.

4.0.4 Control variables

In addition, our estimations include time-varying control variables that might
explain crime rate trends. We consider Municipality’s GDP per capita comes from IBGE.
From RAIS, we obtain data on average remuneration and registered workers per capita,
which we use as a proxy for average income and unemployment rate, respectively. We also
use the proportion of people covered by the BF program in the municipality as a proxy
for the poverty rate.

Table 1 – Summary Statistics

Panel A: RSDPS

Mean SD Min Max
Drug possesion 42.809 74.291 0.000 949.668
Drug trafficking 23.428 42.400 0.000 520.619
Violent crime 129.015 200.265 0.000 2421.779
Robberies 119.268 195.470 0.000 2370.260
Homicides 9.069 14.320 0.000 149.402
Latrocinio 0.678 3.752 0.000 71.788
Guns and ammunition 58.593 59.850 0.000 835.655
Property crime 1233.655 956.047 0.000 16818.723
Thefts 1150.011 920.820 0.000 16560.889
Frauds 83.644 76.640 0.000 1466.544

Panel B: Brigada Militar

Mean SD Min Max
Marijuana 44.122 71.791 0.000 849.762
Cocaine 14.463 26.085 0.000 300.000
Crack 12.787 28.317 0.000 310.276
Ecstasy 0.471 3.148 0.000 95.563
Hashish 0.032 0.488 0.000 17.963
Oxidado 0.004 0.152 0.000 9.234
Cannabis plants 0.318 2.766 0.000 72.727

Panel C: Control Variables

Mean SD Min Max
Average remunaration 1254.365 563.317 281.080 4156.328
BF program 0.045 0.029 0.000 0.153
GDP 0.020 0.018 0.003 0.310
Registered workers 0.236 0.162 0.009 1.732

Note: This table presents the Summary Statistics for all the
variables used in our main analysis. The columns present
the mean, standard deviation, minimum, and maximum of
the variables in this respective order.
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Table 2 – Descriptive Statistics for Police force

Panel A - Period: 2017

Mean SD Min Max q25 q50 q75 q90
Policial Militar 40.313 287.963 0 6,192 3 5 15 72
Policial Federal 0.000 0.000 0 0 0 0 0 0
Policial Rodoviário 0.000 0.000 0 0 0 0 0 0
Guarda Civil Municipal 1.835 16.878 0 244 0 0 0 0
Other Agencies 6.903 59.586 0 1,307 0 1 3 9
Efetivo Total 49.050 348.828 0 7,499 3 6 17 78

Panel B - Period: 2011

Mean SD Min Max q25 q50 q75 q90
Policial Militar 49.776 267.578 0 5,449 3 7 21 99
Policial Federal 0.004 0.063 0 1 0 0 0 0
Policial Rodoviário 0.002 0.045 0 1 0 0 0 0
Guarda Civil Municipal 1.345 13.625 0 190 0 0 0 0
Other agencies 7.776 75.613 0 1,670 0 1 3 10
Efetivo Total 58.903 342.203 0 7,120 4 8 24 107

Panel C - Period: 2012-2016

Mean SD Min Max q25 q50 q75 q90
Policial Militar 47.127 1050.056 0 26,246 0 0 0 0
Policial Federal 0.806 17.690 0 402 0 0 0 0
Policial Rodoviário 1.573 34.990 0 809 0 0 0 0
Guarda Civil Municipal 1.791 14.676 0 199 0 0 0 0
Other agencies 7.718 171.629 0 4,088 0 0 0 0
Efetivo Total 59.015 1,273.829 0 31,475 0 0 0 0

Note: This table presents the Summary Statistics for the municipality’s
police officers rates detailed by period. The columns present the mean,
standard deviation, minimum, and maximum of the variables in this
respective order.
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5 Results

This section presents our estimates of the spillover effects on crime of marijuana
legalization in Uruguay. In the first sub-section, we start by considering the consequences
of the RML on drug and non-drug-related crimes. Next, in the second subsection, we check
whether changes in police enforcement are driving our results.

5.0.1 Main Results

5.0.1.1 Drug related crimes

Table 3 shows the effects of RML in Uruguay on the two drug-related crime rates
included in the RSDPS database: drug possession (Panel A) and drug trafficking (Panel
B). In column 3, we estimate those effects using our favored specification, in which the ln
of the traveling time is used as the continuous treatment variable and does not include
controls variables. 1 In this specification, the RML in Uruguay causes a statistically
significant increase of 19.31 drug possession occurrences per 100 thousand inhabitants
as the municipality of RS is 1% closer to the Uruguayan border. 2 The effect estimated
is economically noteworthy as it corresponds to an 0.26 standard deviation of the drug
possession rate variable. Also, in the other columns of panel A, the effect estimated is
considerably robust across different specifications in which we include controls or consider
other treatment definitions.

Besides the conventional DID approach, we also estimate the DID heterogeneous
effects in time. We use the pre-treatment coefficients estimated to test the validity of our
empirical strategy. Panel A of Figure 2 presents the heterogeneous effects of RML on
the drug possession rate using our main specification. From now on, we always consider
this specification in the heterogeneous DID figures throughout the text. The results in
Figure 2 corroborate the effects discussed previously. All pre-treatment coefficients are
non-significant, which substantiates the plausibility of the DID identification hypothesis.
Furthermore, all the coefficients from 2014 onwards are significant, except for 2017 and
2019.
1 The ln is referred as the logarithm of the treatment variable
2 One percent corresponds to an increment of 36.2 minutes or 45.3 km when we consider the mean of

the travel time and distance variables, respectively.
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When considering our main specification in Panel B of Table 3, we also obtain
a statistically significant effect of 9.35 drug trafficking occurrences per 100 thousand
inhabitants. However, this result is not robust, as most part of the other specifications do
not present statistically significant coefficients. Moreover, the heterogeneous DID in Panel
B of Figure 2 shows no significant coefficients in the years post marijuana legalization. In
conclusion, our empirical approach seems to indicate no causal effect on the drug trafficking
rate.

To be able to compare our results to the literature on the spillover effects of
marijuana legalization (Hao and Cowan, 2020), we first must determine whether the
criminal types considered in both works are compatible. According to the documentation
on the RSDPS database, the drug possession and trafficking offenses are defined according
to Articles 28 and 33 of the Federal Law No. 11,343, respectively. In brief, in Brazil,
whether a person caught with an illegal substance will be charged with one of the former
crimes depends on the individual’s intention. If the individual owns the drug for personal
consumption, it constitutes a drug possession offense. On the order hand, if the person
ought to store, manufacture, carry, or sell to a third party, it comprises a drug trafficking
crime.

In their work Hao and Cowan (2020) collected the data on marijuana possession,
sale, and manufacture arrests from the Uniform Crime Reporting Program, UCR henceforth.
The UCR information is submitted by law enforcement agencies across the United States
and then aggregated to the county level. The crimes in the UCR dataset are classified
based on the National Incident-Based Reporting System (NIBRS) definitions, which were
developed to categorize the crimes committed throughout the country. According to
those definitions, when reporting a narcotic offense, the agencies must input the type of
criminal activity, namely, cultivating, manufacturing, distributing, selling, buying, using,
possessing, transporting, or importing drugs. Bearing that in mind, we believe that the
possession variables in both works are similar, and the manufacture and sale variables in
Hao and Cowan (2020) would be classified as drug trafficking in Brazil. Hence, our results
corroborate the literature since Hao and Cowan (2020) found positive spillover effects on
marijuana possession arrests and argued that the results are inconclusive to marijuana
sale and manufacture.

To obtain a more in-depth understanding of the effects of legalization in Uruguay
on the drug market of RS municipalities, we use the drug seizures information on the three
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Table 3 – Effects of RML in Uruguay on Drug Related Crimes

(1) (2) (3) (4) (5) (6) (7) (8)

Travelling Time Ln(Travelling Time) Distance Ln(Distance)

Panel A - Drug possession
Treated 0.052 0.062∗ 19.313∗ 16.841∗∗ 0.071∗ 0.071∗∗ 16.058∗∗ 12.829∗∗

(0.039) (0.035) (10.827) (8.515) (0.036) (0.032) (7.644) (5.915)
Dep sd: [74.291] [74.275] [74.291] [74.275] [74.291] [74.275] [74.291] [74.275]

Panel B - Drug trafficking
Treated 0.055∗∗ 0.031 9.347∗ 4.755 0.022 0.006 2.923 0.560

(0.021) (0.019) (5.333) (4.751) (0.02) (0.018) (3.52) (3.228)
Dep sd: [42.400] [42.085] [42.400] [42.085] [42.400] [42.085] [42.400] [42.085]

Observations 8,928 7,440 8,928 7,440 8,928 7,440 8,928 7,440
Municipality FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Note: This table presents the results of RML on the drug-related crimes rate at the municipality level. The
period is between 2002 to 2019. The estimation is a standard Difference-in-Differences. Treated refers to the
interaction between log (treatmentvariablei) × Postt, which identifies our spillover effects (see equation 3.1).
All specifications include cluster standard errors at the municipality level. As well as municipality, and year
fixed-effects. All regressions are weighted by municipality population. Control variables are municipality’s GDP
per capita, worker’s average remuneration, number of registered workers per capita and the proportion of
people covered by the BF program. Values in parentheses are the robust standard errors. Values in square
brackets are the depend variable standard deviation. ∗, ∗∗ and ∗∗∗ represent statistical significance of 10%, 5%
and 1%, respectively.

most consumed drugs in Brazil: marijuana, cocaine, and crack. As we discussed earlier we
expect marijuana apprehensions to increase in border municipalities. The impact on drug
seizures of cocaine and crack, however, is ambiguous. It depends on whether marijuana use
is a complement or a substitute to cocaine and crack consumption. On the one hand, the
Gateway Hypothesis, popularized by the seminal work of Kandel (1975), suggests that the
use of marijuana could lead to the subsequent consumption of other harder illicit drugs,
such as cocaine, crack, and opiates. One plausible mechanism is that individuals who
consume cannabis are more exposed to other illicit drugs because drug suppliers usually
sell both on the black market. Another explanation is that the pharmacological effects of
marijuana incite the use of other illicit drugs among adolescents (Kandel et al., 2006). On
the other hand, marijuana may act as a substitute for other substances that share similar
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Figure 2 – Heterogeneous Effects of RML on Uruguay on Drug Apprehension Rates

(A) Drug possession rate (B) Drug trafficking rate
Note: This figure presents heterogenous effects of RML in Uruguay on drug related crime rates at the municipality
level. Here follows the equation estimated: yit = λt + µi +

∑2019
t=2002
t ̸=2013

βt log (timei) + ϵit. Where yit is the outcome
variable in municipality i in year t. λt and µi are time and municipality fixed effects, respectively. log (timei)
denotes the natural logarithm of the travelling time from municipality i to Uruguay. βt captures the heterogenous
spillover effects of RML in Uruguay on crime over time. Regressions are weighted by municipality population. We
consider a 5% statistical significance level to construct confidence intervals for the coefficients. In panel A and B
the outcome variables are drug possession and drug trafficking rates, respectively.

pharmacological effects. For instance, Bradford and Bradford (2018) found that medical
marijuana laws in American states were associated with a reduction in the prescriptions of
opioids in the Medicare program. They attribute the result to the medical evidence that
marijuana can be used as a therapy to treat chronic pain.

The results from the economic literature are also mixed. Earlier work that estimated
demand functions for illicit drugs and their cross-price effects found that the price of cocaine
was negatively correlated with cannabis consumption, suggesting they are complements
(Saffer and Chaloupka, 1999; DeSimone and Farrelly, 2003). More recent studies that
exploit the adoption of medical marijuana laws as an exogenous variation come to different
conclusions. Wen et al. (2015) indicates no association between MMLs adoption and self-
reported use of crack and cocaine. Additionally, Chu (2015) shows no impact of medical
marijuana on cocaine possession arrests or health admissions for cocaine-related treatment,
which are considered proxies for consumption in their study.

The coefficients estimated for marijuana, cocaine and crack apprehensions are
depicted in Table 4. Panels and columns follow the same pattern in the previous table.
In the third column of Table 4, we found a statistically significant increase in drug
apprehensions for the three types of drugs considered. In terms of economic magnitude,
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the results estimated for marijuana and cocaine are very similar; both effects correspond
to 0.22 standard deviations. In contrast, the effect’s magnitude for crack apprehensions is
considerably larger, around 0.41 standard deviation. We believe the results on cocaine and
crack are a second-order effect resulting from the increased availability of marijuana in the
municipalities closer to Uruguay. The positive effects estimated suggest that cocaine and
crack are complementary to marijuana, which corroborates the gateway hypothesis that
marijuana could increase the consumption of other drugs.

Heterogeneous DID effects for marijuana, cocaine, and crack apprehensions are
plotted in panels A, B, and C of Figure 3, respectively. They provide robustness to our
results as the pre-treatment coefficients are not statistically different from zero for the three
apprehensions rates. The effects after legalization appear to progressively increase over
time for both marijuana and crack apprehensions rates. The only exception is the reduction
in 2017 for the marijuana apprehension rate. The effects on the cocaine apprehensions
rate, in contrast, seem to be much more inconsistent over time; moreover, only half of the
post-legalization coefficients are significant.

5.0.1.2 Non-drug related crimes

This subsection discusses the effects of RML in Uruguay on the crime rates not
directly involved to drugs. More precisely, we define the total crime rate as the sum of all
the criminal occurrences present in the RSDPS database, excluding the drug possession
and trafficking rates examined in the previous subsection. Panels A, B, and C of Table 5
presents the results for total, violent, and property crime rates in this respective order.
Violent and property crime rates aggregations were appropriately defined in the Data
section.

We hypothesize that marijuana legalization in Uruguay may cause a reduction
in violent crime in border municipalities in Brazil. For instance, if Brazilian individuals
consume more marijuana from Uruguay, there could be a reduction in the illegal drug
trade in municipalities closer to the border. This increase in marijuana supply in the
region could reduce the price and quantity sold by DTOs, hence reducing their revenues.
Gavrilova et al. (2019) argue that there is a positive association between the revenues of
DTOs and violent criminal activity. Because drug trafficking organizations cannot use
legal channels to settle their disputes, they resort to violence to contest the revenues
earned in the illegal drug market. Since the investment in violence is costly, it can only
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Table 4 – Effects of RML in Uruguay on Drug Apprehension Rates

(1) (2) (3) (4) (5) (6) (7) (8)

Travelling Time Ln(Travelling Time) Distance Ln(Distance)

Panel A - Marijuana
Treated 0.040 0.011 15.674∗∗ 6.507 0.064∗∗ 0.029 13.894∗∗∗ 6.352∗∗

(0.028) (0.022) (6.689) (4.751) (0.026) (0.019) (4.671) (2.973)
Dep sd: [71.791] [69.453] [71.791] [69.453] [71.791] [69.453] [71.791] [69.453]

Panel B - Cocaine
Treated 0.021∗ 0.020∗∗ 5.697∗∗ 4.711∗∗ 0.0240∗∗ 0.022∗∗∗ 4.253∗∗ 3.167∗∗∗

(0.011) (0.009) (2.639) (1.980) (0.010) (0.008) (1.838) (1.117)
Dep sd: [26.085] [23.808] [26.085] [23.808] [26.085] [23.808] [26.085] [23.808]

Panel C - Crack
Treated 0.030∗ 0.016 11.618∗∗∗ 6.141∗∗ 0.043∗∗∗ 0.025∗∗ 9.572∗∗∗ 4.931∗∗∗

(0.016) (0.014) (4.159) (3.017) (0.016) (0.012) (3.113) (1.837)
Dep sd: [28.317] [27.356] [28.317] [27.356] [28.317] [27.356] [28.317] [27.356]

Observations 4,464 3,968 4,464 3,968 4,464 3,968 4,464 3,968
Municipality FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Note: This table presents the results of RML on the drug apprehension rates at the municipality level. The
interval is between 2011 to 2019. The estimation is a standard Difference-in-Differences. Treated refers to the
interaction between log (treatmentvariablei) × Postt, which identifies our spillover effects (see equation 3.1).
All specifications include cluster standard errors at the municipality level. As well as municipality, and year
fixed-effects. All regressions are weighted by municipality population. Control variables are municipality’s
GDP per capita, worker’s average remuneration, number of registered workers per capita and the proportion
of people covered by the BF program. Values in parentheses are the robust standard errors. Values in square
brackets are the depend variable standard deviation. ∗, ∗∗ and ∗∗∗ represent statistical significance of 10%, 5%
and 1%, respectively.

be economically worth it if the revenues DTOs obtain in the drug market exceed those
costs. Hence, if we assume DTOs are profit-maximizing organizations, then the optimal
investment in violence should be an increasing function of the revenues earned in the drug
market. The empirical literature corroborates this association, Dube et al. (2016) and
Castillo et al. (2020) exploit exogenous variation in the supply of marijuana and cocaine,
respectively, to show that a rise in the revenues of DTOs in Mexico increases violent
crimes.

In column 3 of Panel B, we found a decrease in the violent crime rate due to
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Figure 3 – Heterogeneous Effects of RML on Uruguay on Drug Apprehension Rates

(A) Marijuana apprehensions rate (B) Cocaine apprehensions rate

(C) Crack apprehensions rate

Note: This figure presents heterogenous effects of RML in Uruguay on drug apprehension rates at the municipality
level. Here follows the equation estimated: yit = λt + µi +

∑2019
t=2011
t ̸=2013

βt log (timei) + ϵit. Where yit is the outcome
variable in municipality i in year t. λt and µi are time and municipality fixed effects, respectively. log (timei)
denotes the natural logarithm of the travelling time from municipality i to Uruguay. βt captures the heterogenous
spillover effects of RML in Uruguay on crime over time. Regressions are weighted by municipality population. We
consider a 5% statistical significance level to construct confidence intervals for the coefficients. In panel A, B and
C the outcome variables are marijuana, cocaine and crack apprehension rates, respectively.

legalization in Uruguay; however, the coefficient estimated is not statistically significant.
The result seems robust as most of the specifications in this panel picture the same
scenario. Hence, our hypothesis that violent crime could reduce due to an increment of
legal marijuana from Uruguay to southern municipalities was not confirmed empirically.
The distribution of narcotics in RS is primarily commanded by the drug trafficking
organizations from Porto Alegre, the largest metropolitan region in the state (Duarte
and Pinheiro, 2019). In general, those DTOs import marijuana from Paraguay, which
is partially intended to meet the internal demand for consumption in Porto Alegre, the
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primary consumer market, and the remainder is distributed for consumption in the rest
of the state (Garat, 2016). A plausible explanation for our finding is that consumers are
not smuggling marijuana themselves from Uruguay. Instead, after legalization Brazilian
DTOs could have started importing marijuana from Uruguay and distributing it to border
municipalities in RS. Under this alternative hypothesis, since DTOs would only change
their drug suppliers, there would be no impact on violent criminal activity in the region.

Furthermore, Panels A and C show no significant effects on total and property crime
rates in almost all specifications estimated. Heterogeneous DID plots in the Appendix
corroborate the findings discussed in this subsection.

Table 5 – Effects of RML in Uruguay on Non-drug Related Crimes Outcomes

(1) (2) (3) (4) (5) (6) (7) (8)

Travelling Time Ln(Travelling Time) Distance Ln(Distance)

Panel A - Total crime
Treated 0.045 0.118 24.802 29.496 0.228 0.243 33.001 31.623

(0.260) (0.271) (58.552) (59.537) (0.248) (0.248) (42.023) (41.62)
Dep sd: [1072.436] [1029.936] [1072.436] [1029.936] [1072.436] [1029.936] [1072.436] [1029.936]

Panel B - Violent crimes
Treated 0.160 0.129 -5.540 -3.158 -0.022 -0.045 -30.703 -26.411

(0.209) (0.189) (57.701) (43.620) (0.216) (0.168) (41.416) (26.799)
Dep sd: [200.265] [200.671] [200.265] [200.671] [200.265] [200.671] [200.265] [200.671]

Panel C - Property crimes
Treated -0.115 -0.011 30.342 32.653 0.250 0.288 63.704 58.034∗

(0.225) (0.214) (59.693) (47.328) (0.230) (0.195) (41.967) (29.998)
Dep sd: [956.047] [911.489] [956.047] [911.489] [956.047] [911.489] [956.047] [911.489]

Observations 8,928 7,440 8,928 7,440 8,928 7,440 8,928 7,440
Municipality FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Note: This table presents the results of RML on non-drug crime rates at the municipality level. The interval is
between 2002 to 2019. The estimation is a standard Difference-in-Differences. Treated refers to the interaction
between log (treatmentvariablei) × Postt, which identifies our spillover effects (see equation 3.1). All specifications
include cluster standard errors at the municipality level. As well as municipality, and year fixed-effects. All
regressions are weighted by municipality population. Control variables are municipality’s GDP per capita, worker’s
average remuneration, number of registered workers per capita and the proportion of people covered by the BF
program. Values in parentheses are the robust standard errors. Values in square brackets are the depend variable
standard deviation. ∗, ∗∗ and ∗∗∗ represent statistical significance of 10%, 5% and 1%, respectively.
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5.0.2 Police enforcement mechanism

A relevant concern regarding our empirical procedure is that it is unable to
disentangle whether the effects estimated are the consequence of RML in Uruguay or
changes in police enforcement in RS. More precisely, changes in police behavior are a
potential threat to our identification strategy if they are correlated with our continuous
treatment variable, traveling time to Uruguay. The literature that evaluates the impact of
marijuana legalization on crime recognize this problem Brinkman and Mok-Lamme (2019),
Carrieri et al. (2019), Hao and Cowan (2020) and Wu et al. (2020). They apply different
strategies to avoid this issue depending on the empirical strategy employed and data
availability. Carrieri et al. (2019) include the number of anti-drug operations conducted by
police forces as controls in their DID design to account for the impact of police behavior
on drugs confiscations in Italian provinces. Since police behavior and crime cause each
other, they probably introduce a simultaneous bias in their estimations. That is the reason
why we choose not to follow this approach. We rather decide to use the data on officer
numbers by municipality collected from RAIS as our outcome variable in our empirical
strategy; Hao and Cowan (2020) utilize a similar method. The objective is to test whether
the variation of the police workforce numbers in the period investigated, used here as a
proxy for police enforcement, are correlated with our treatment variable. Results from our
assessment are presented in Table 6 below.
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Table 6 – Police Enforcement Mechanism Exercise

(1) (2) (3) (4) (5) (6) (7) (8)

Travelling Time Ln(Travelling Time) Distance Ln(Distance)

Panel A - Brigada Militar
Treated -0.054 0.117 22.577 20.208 0.064 0.122 32.330 13.805

(0.160) (0.181) (57.528) (37.740) (0.198) (0.155) (46.733) (24.008)
Dep sd: [273.175] [282.226] [273.175] [282.226] [273.175] [282.226] [273.175] [282.226]

Panel B - Policia Federal
Treated -2e-05 -4e-05 0.00465 -0.00977 1e-05 -5e-05 0.006 -0.009

(7e-05) (7e-05) (0.022) (0.016) (8e-05) (6e-05) (0.017) (0.001)
Dep sd: [0.024] [0.026] [0.024] [0.026] [0.024] [0.026] [0.024] [0.026]

Panel C - Policia Rodoviária
Treated -0.00028∗ -0.00028 -0.053 -0.051 -0.00027∗ -0.00028 -0.035 -0.034

(0.00016) (0.00017) (0.034) (0.036) (0.00016) (0.00017) (0.026) (0.027)
Dep sd: [0.042] [0.045] [0.042] [0.045] [0.042] [0.045] [0.042] [0.045]

Panel D - Guarda Civil Municipal
Treated 0.051 0.044 10.923 9.216 0.045 0.039 8.969 7.915

(0.033) (0.028) (7.51) (6.795) (0.031) (0.029) (6.363) (6.287)
Dep sd: [15.444] [15.022] [15.444] [15.022] [15.444] [15.022] [15.444] [15.022]

Panel E - Others agencies
Treated 0.062 0.081 26.082 18.341 0.085 0.067 21.028 9.715

(0.063) (0.067) (22.425) (15.272) (0.076) (0.057) (18.225) (9.351)
Dep sd: [71.269] [71.956] [71.269] [71.956] [71.269] [71.956] [71.269] [71.956]

Panel F - Efetivo total
Treated 0.059 0.241 59.534 47.704 0.193 0.228 62.299 31.393

(0.198) (0.216) (78.221) (48.563) (0.262) (0.189) (64.890) (31.503)
Dep sd: [344.133] [353.720] [344.133] [353.720] [344.133] [353.720] [344.133] [353.720]

Observations 3,472 2,976 3,472 2,976 3,472 2,976 3,472 2,976
Municipality FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓

Note: This table presents the estimated correlations between our treat-

ment variables and number of police officers by law enforcement agency.

The interval include 2008-2011 and 2017-2019. The estimation is a stan-

dard Difference-in-Differences. Treated refers to the interaction between

log (treatmentvariablei) × Postt, which identifies our spillover effects (see equa-

tion 3.1). All specifications include cluster standard errors at the municipal-

ity level. As well as municipality, and year fixed-effects. All regressions are

weighted by municipality population. Control variables are municipality’s GDP

per capita, worker’s average remuneration, number of registered workers per

capita and the proportion of people covered by the BF program. Values in

parentheses are the robust standard errors. Values in square brackets are the

depend variable standard deviation. ∗, ∗∗ and ∗∗∗ represent statistical signifi-

cance of 10%, 5% and 1%, respectively.

Panels A to D in Table 6 presents the coefficients estimated for the police force
numbers of the law enforcement agencies we were able to disaggregate using RAIS: Brigada
Militar, Policia Federal, Policia Rodoviária and Guarda Civil Municipal3, respectively. The
3 Policia Federal is the federal police in Brazil. Policia Rodoviária is a federal law enforcement agency

from Brazil whose primary function is to ensure safety on federal highways. Guarda Civil Municipal is
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officers we could not identify the agency they work for are grouped in the classification of
Other agencies variable presented in panel E. Panel F depicts the results for the police
force total, which is the sum of all authorities identified in RAIS for a given municipality
and year. According to our main specification, column 3, there is no significant association
between our treatment variable and any police force variables considered. Furthermore,
none of the specifications shows significant coefficients at a 5% level. In summary, our
assessment substantiates that changes in police enforcement are not a confounding factor
to our empirical method.

the institution responsible for the protection of the municipal public patrimony.
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6 Conclusions

This work provides evidence that marijuana legalization in Uruguay led to undesired
consequences on crime in border municipalities in Brazil. We use data on crime occurrences
and drug apprehension from two primary sources, the Rio Grande do Sul Department of
Public Safety (RSDPS) and Brigada Militar, respectively. We exploit the exogenous shock
of RML in Uruguay and apply a Difference-in-Differences estimator to identify a causal
effect.

We find that RML implementation in Uruguay caused an increase in the drug
possession rate of municipalities in RS, which are closer to the Uruguayan border. Using
the information on drug seizures detailed by drug type, we could establish that legaliza-
tion increased the drug apprehension rates of the three most consumed drugs in Brazil:
marijuana, crack, and cocaine. The result of marijuana apprehensions was anticipated as
legalization in Uruguay caused a substantial decrease in cannabis prices in the country,
which made it more attractive to individuals living in neighboring localities. However,
the effects on cocaine and crack apprehensions were theoretically ambiguous since they
depend on whether those drugs are substitutes or complements to marijuana use. Our work
provides evidence that cocaine and crack consumption are complementary to marijuana,
which, as far as we know, is a novelty in the literature that analyzes the effects of medical
and recreational marijuana laws.

Our work accumulates evidence that marijuana legalization might have adverse
effects on crime in bordering jurisdictions. Previous literature had found that impacts in
local drug markets can affect important socioeconomic outcomes such as crime (Dobkin
and Nicosia, 2009; Dobkin et al., 2014; d’Este, 2021) and public health (Cunningham and
Liu, 2003; Cunningham and Finlay, 2013). Therefore, determining the spillover effects
of marijuana legalization is crucial to guide decision-making in bordering jurisdictions,
as such undesired impacts may contribute to a higher burden on public services. Finally,
we recommend future research on how legalization in Uruguay may have affected health
outcomes related to drug consumption in border municipalities in Brazil.
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APPENDIX A – Tables and Figures

A.1 Tables
Table 7 – Heterogeneous Effects of RML in Uruguay on crime rates

Drug possession Drug trafficking Total crime Violent crime Property crime
DID Heterogeneous Model: RML Exposition time
RML Year -11 19.378 1.732 107.704 19.673 88.031

(17.873) (11.906) (102.79) (49.508) (88.132)
RML Year -10 14.453 3.123 14.719 -11.077 25.795

(16.658) (11.203) (148.443) (54.466) (121.483)
RML Year -9 17.703 6.233 -99.793 -33.334 -66.459

(16.906) (11.035) (125.3) (60.992) (87.217)
RML Year -8 17.596 0.089 -124.046 -50.683 -73.363

(16.063) (9.421) (97.548) (58.38) (59.629)
RML Year -7 16.839 -2.266 -133.392∗ -50.491 -82.901

(16.444) (9.756) (76.429) (40.559) (57.856)
RML Year -6 23.419 -2.986 6.176 -45.967 52.143

(15.935) (8.47) (80.837) (47.908) (60.277)
RML Year -5 20.242 -3.31 52.074 -39.544 91.618

(15.953) (7.121) (80.789) (41.855) (58.682)
RML Year -4 11.737 -5.373 59.637 -30.256 89.893

(15.008) (6.62) (97.285) (36.599) (74.557)
RML Year -3 10.592 -5.98 74.584 -5.641 80.225

(10.818) (6.863) (88.331) (32.239) (63.205)
RML Year -2 11.516 -7.807 58.678 -0.289 58.967

(11.268) (4.969) (75.792) (30.194) (54.719)
RML Year -1 -3.902 -2.912 0.164 -14.264 14.428

(9.896) (4.593) (59.433) (18.535) (47.337)
RML Year 1 22.016∗∗ 1.455 -69.106 -37.602 -31.504

(10.086) (5.03) (51.012) (25.763) (37.396)
RML Year 2 36.584∗∗∗ 4.957 -104.561 -49.36 -55.201

(10.913) (9.084) (64.709) (55.191) (63.354)
RML Year 3 38.766∗∗∗ 8.929 -46.372 -78.04 31.668

(12.767) (10.643) (70.095) (68.328) (72.844)
RML Year 4 19.749 3.025 72.703 -22.945 95.648

(12.88) (9.599) (71.67) (75.196) (75.568)
RML Year 5 46.129∗∗∗ 12.975 143.069∗∗ 9.378 133.692∗

(13.494) (10.683) (70.718) (60.39) (69.388)
RML Year 6 32.919∗ 15.594 157.315∗ 14.663 142.652∗

(18.484) (11.972) (84.989) (55.324) (73.235)
N 8,928 8,928 8,928 8,928 8,928

Note: This table presents the heterogenous effects of RML in Uruguay on crime rates at the municipality level. The
interval is between 2002 to 2019. Here follows the equation estimated: yit = λt + µi +

∑2019
t=2002
t̸=2013

βt log (timei) + ϵit.
Where yit is the outcome variable in municipality i in year t. λt and µi are time and municipality fixed effects,
respectively. log (timei) denotes the natural logarithm of the travelling time from municipality i to Uruguay. βt

captures the heterogenous spillover effects of RML in Uruguay on crime over time. Regressions are weighted by
municipality population. Values in parentheses are the robust standard errors. ∗, ∗∗ and ∗∗∗ represent statistical
significance of 10%, 5% and 1%, respectively.
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Table 8 – Heterogeneous Effects of RML in Uruguay on drug apprehension rates

Marijuana Cocaine Crack
DID Heterogeneous Model: RML Exposition time
RML Year -2 9.306 3.155 0.554

(8.235) (2.359) (3.375)
RML Year -1 5.896 2.746 -1.071

(8.103) (2.772) (3.597)
RML Year 1 15.313∗∗ 6.674∗∗ 1.99

(7.54) (2.735) (3.949)
RML Year 2 20.138∗∗∗ 8.218∗∗∗ 8.324

(7.517) (3.172) (5.269)
RML Year 3 20.024∗∗ 6.528∗ 10.167∗

(9.983) (3.554) (5.938)
RML Year 4 4.058 5.474∗ 9.96∗

(8.812) (3.314) (6.039)
RML Year 5 33.637∗∗∗ 12.622∗∗∗ 19.433∗∗∗

(9.322) (3.699) (6.525)
RML Year 6 31.404∗∗∗ 6.407 19.111∗∗

(10.868) (3.95) (8.105)
N 3,472 3,472 3,472

Note: This table presents the heterogenous effects of RML in Uruguay
on drug apprehension rates at the municipality level. The interval is be-
tween 2011 to 2019. Here follows the equation estimated: yit = λt + µi +∑2019

t=2002
t̸=2013

βt log (timei) + ϵit. Where yit is the outcome variable in municipality
i in year t. λt and µi are time and municipality fixed effects, respectively.
log (timei) denotes the natural logarithm of the travelling time from munic-
ipality i to Uruguay. βt captures the heterogenous spillover effects of RML
in Uruguay on crime over time. Regressions are weighted by municipality
population. Values in parentheses are the robust standard errors. ∗, ∗∗ and
∗∗∗ represent statistical significance of 10%, 5% and 1%, respectively.
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Table 9 – Classificação Brasileira de Ocupações (CBO) Codes

Panel A: Codes Used

Job Classification Code
Policiais Militares 02
Delegados de Policia 2423
Investigador de Policia 351810
Papiloscopista policial 351815
Perito Criminal 204105
Agente da Policia Federal 517205
Policial Rodoviário Federal 517205
Guarda Civil Municipal 517215

Panel B: Variable’s Agregattion

Variable name Codes
Policia Militar 02
Policia Federal 517205
Policia Rodoviária 517210
Guarda Civil Municipal 517215
Other agencies 204105; 242305; 351810; 351815

Note: This table presents the codes from the Classificação
Brasileira de Ocupações (CBO) used in our analysis. Panel A
provides the codes of each occupation related to law enforcement
that we could find in the CBO. Panel B explains how we aggre-
gated the occupations in the variables we use in our estimations.
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