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Abstract

This research examines the effects of a) reducing the legally allowable alcohol
levels in drivers and b) increasing the severity of punishments for drivers involved in
drunk driving accidents on events, injuries, and deaths caused by driving under the
influence of alcohol (DUI). The study advances prior research by using policy evaluation
methods to estimate its causal effect and estimate its impact separately for younger
people and older adults. Data were obtained from a database of all traffic accidents
associated with alcohol consumption compiled by Chile's transport authority. Exploiting
the implementation of a law introduced in March 2012 that reduced the maximum
allowed concentration of alcohol in drivers and increased punishments, the study used a
difference-in-differences approach that compared changes in the monthly rate of
accidents before and after the policy, comparing rates of accidents during the evening
(treatment group) to those during daytime (control group). Furthermore, a regression
discontinuity design was implemented to examine the causal effect of reducing the
permissible blood alcohol concentration (BAC) and implementing harsher punishment in
two different age groups, controlling for gender and the type of area of the events (urban
and rural areas). The results showed that the law effectively reduced the rate of accidents
and injuries in both younger (between 15 to 25 years of age) and older groups (from 26
years of age and older). A three-way interaction test showed that the effect was slightly

larger on the younger group. This study provides evidence that deterrent policies can



effectively reduce risk behaviors and reduce accidental deaths associated with drunk

driving.
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Chapter |

Introduction

Drunk driving is one of the leading causes of accidental deaths, injuries, and
disabilities around the World (World Health Organization, 2015; Wijnen & Stipdonk,
2016). In Chile, they account for 8% of the total number of transit accidents (Chilean
Police, 2019) and 10% of transit-related deaths (CONASET, 2019). Alcohol-related
accidents affect adolescents and young adults disproportionately, becoming one of the
leading causes of death within this age group (Fell, Tippetts & Voas, 2009). Many
countries have implemented zero-alcohol policies that severely punish driving under the
influence of alcohol to reduce the frequency of accidents. These policies are based on the
premise that reducing the allowable blood alcohol concentration and increasing the

severity of the punishments will deter individuals from engaging in drunk driving.

While zero-alcohol policies with severe penalties are the most widespread choice
to discourage drunk driving (Ross, 1984), there is a lack of information about their effect

on younger drivers, despite being a particularly high-risk group (NRC, 2011).

The deterrence theory suggests that severe punishment should effectively deter
lawbreaking and norm-violating behavior by increasing the expected costs of engaging in
illegal activities (Ross, 1984). However, studies about the effectiveness of zero-alcohol
policies have differed in their conclusions. These mixed results could be affected by the
statistical methods applied to study the problem, factors such as different cultural

realities, effectiveness in enforcing the policies, or even the different responses that
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different age groups could have. Thus, in theory, older individuals having fully mature
brains could be better equipped to make rational decisions (Barnea-Goraly et al., 2005;
Blakemore & Choudhury, 2006), whereas adolescents and young adults may be less
sensitive to peer pressures to change their behaviors and make rational decisions under
emotionally heightened states, as they have not fully complete their cognitive

development (Casey, Galvan & Hare, 2005; Casey, Getz & Galvan, 2008).

Most of the published literature on deterrence policies compares the outcomes of
accident and death rates in the general population before and after implementing the
policies (Mann et al., 2001). The downside of this approach is that it lacks control groups
to compare whether the study outcomes are truly a result of the law or whether other
factors could influence the results. This problem is addressed in the present study by
implementing a difference-in-differences approach, using the rate of accidents during the
day as a control group. Assuming that the highest frequency of accidents associated with
drunk driving occurs at night-time, the accidents during daytime are a good proxy to
offset any other changes in behaviors, safety technologies, or infrastructure that could
change alcohol consumption and driving trends. A regression discontinuity design (RDD)
is also applied to complement the results from the differences-in-differences approach
(DID). Because both methods rely on different sets of assumptions, their outcomes would

contribute to a more robust understanding of the policy's impact.

While some researchers have studied the outcomes of deaths caused by
adolescents (Albalate, 2008), they only focus on deaths and not on accidents or less
severe outcomes. Neither have the existing studies examined whether these effects

continue several years after implementing the law, as they mostly rely on cross-sectional
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data that analyzes the instant change of the interventions, or if drunk driving rates revert
to the pre-existing levels if the policies are not enforced effectively. In theory, if drivers
do not perceive risk for breaking the law, it would be possible for them to return to their

DUI baseline despite having more severe policies.

The present study analyzes the outcomes of enforcing a zero-tolerance law in
Chile that increased the penalties and reduced the legally allowable blood alcohol
concentration for drivers. Using the national data on alcohol-related traffic accidents,
their severity, and fatality rates, it compares the frequency of the accidents, injuries (as
severe, less severe, and mild), and deaths of adolescents and young adults to older adults
before and after enforcement of the policy. This study is based on a quasi-experimental
design that controls for confounders by taking advantage of the fact that drunk driving
should be more frequent at night (defined as the time between 8:00 PM and 7:59 AM).
Therefore policies are more likely to have an impact at night, with little or less impact on
daytime accidents, injuries, and deaths. | argue that the daytime trends in accidents and
deaths are a good counterfactual for the accidents trends in the absence of the new law.
Under this assumption, to compare the new policy outcomes, the accidents, injuries, and
deaths during daytime are used as control, assuming that any change in traffic accident
rates due to the policy would primarily affect rates during the night. To complement the

strength of the results, the study also performs a regression discontinuity analysis.

Based on the deterrence theory, I hypothesize that the introduction of the zero-
alcohol law reduced the rate of events caused by drunk driving, as well as the injury and
fatality rates. For the adolescents and young adults' group, the number of accidents,

injuries, and fatalities is expected to decrease to a lesser degree compared to older adults.
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Background of the Problem
Drunk driving is one of the top causes of death for adolescents and young adults
(NRC and IOM, 2001, 2004, 2006 & 2007). This high-risk behavior is likely to be related
to two findings in the literature: the higher frequency on which people below 26 years of
age engage in binge drinking (World Health Organization, 2018), and the incomplete
development of impulse control areas in the brain until the 25-26 years of age (Spear,

2000; Giedd, 2008).

Alcohol consumption increases the likelihood of causing automobile accidents
because alcohol makes people more prone to engaging in risky behaviors through
weakened inhibitory control and reduced self-awareness (Hull, Levenson, Young & Sher,
1983; Starkey & Charlton, 2014). At high blood concentration, alcohol also slows
reaction times and reduces neuromotor capabilities, increasing the likelihood that drivers
who have been drinking will be involved in motor vehicle accidents (Maylor & Rabbitt,
1993). Worldwide, adolescents and young adults are at higher risk of driving under the
influence of alcohol (DUI) and causing accidents when they drink than older adults
because they are more likely to engage in binge drinking and drunk driving more often
than older people. A study by the World Health Organization found that adolescents and
young adults have the highest proportion of heavy episodic drinking (60+ grams of
alcohol on a single occasion at least once per month) and that the overall alcohol
consumption peaks at ages 20-24 worldwide (World Health Organization, 2018). This
finding helps in understanding why adolescents and young adults have more alcohol-
related accidents. These findings have been consistently replicated using repetitive large-

scale surveys of adolescents and college students in the United States (Wechsler, Lee,
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Nelson & Kuo, 2002), where more than 44% of the students younger than 24 years old
admitted having consumed five or more drinks in a row in a two-week window,
compared to a 30% of the older students (Windle, 2003). This trend has remained stable

since 1990 (Johnston, O'Malley, Bachman, Schulenberg & Miech, 2014).

Particularly in Chile, the average alcohol consumption is higher than other
developed and developing countries. The trends show that the alcohol consumption peaks
at 24 years, where the average alcohol consumption per episode is 80 grams. Whereas
adults between 26 — 44 years of age consume on average 54.2 grams of alcohol, and

adults older than 45 years consume on average 46 grams per episode (SENDA, 2016).

Many countries have implemented policies that make DUI illegal and impose
severe consequences for breaking these laws as a means to deter drunk driving. The use
of punishments to control behaviors are in the backbone of two highly regarded
psychological theories: The behaviorism theory was built around the idea that behaviors
can be modified through reinforcement and punishment (Skinner, 1963; Honig, 1966),
and the Social Learning theory, which incorporated the importance of self-motivation, the
probability of occurrence on the outcome, and the value of imitation as a way to
incorporate others' learning (Bandura, 1977). These concepts operate at the core of the
use of zero-tolerance laws to deter illegal behaviors. On the one hand, the behaviorism
theory suggests that harsher punishment should prevent people from engaging in
punishable behaviors. On the other hand, the social learning theory explains how
individuals can learn from others' experiences. Thus, if drunk driving is severely
punished, it would prevent individuals from breaking the law for fear of the consequences

while signaling others to comply with the law for them not to be punished.

14



Thus, if behavior control through the use of consequences is effectively
implemented, all lawbreaking behaviors should be discouraged by enacting harsher laws.
However, more severe laws have not always resulted in lower crime rates. In one case, a
British law that enforced more severe consequences for driving under the influence of
alcohol reduced drunk driving-related fatalities just for three years and returned to
baseline afterward (Ross, 1984). According to Ross's analysis, this was caused by
ineffective law enforcement, which triggered a reduction of the initial perception of
certainty of the penalties. Because criminal behaviors were not effectively punished, the
new law lost the intended effect over time. In another case study, analyses in the United
States did not find any significant correlation between DUI policies enforcement and the
number of accidents (Dula, Dwyer, & LeVerne, 2007). In an attempt to find the specific
effect of deterrent laws in the group of offenders and their recidivism, researchers found
that previously convicted felons were not deterred, as they even increased their drunk
driving intentions (Bouffard, Niebuhr, & Exum, 2017). This finding suggests that the
deterrence effect may be more effective in naive or non-offenders individuals. A more
recent study based on large databases from the Fatality Analysis Reporting System
analyzed accidents in 28 states of the United States from 1976 to 2002 (Wagenaar &
Maldonado-Molina, 2007). This study concluded, applying time-series analysis, that
reducing the allowed BAC from 0.10 to 0.08 prevented 360 deaths and projected that 538
deaths could be avoided with a 0.05 allowed BAC. They concluded that the most
effective deterrence factors for reducing alcohol-related accidents are a combination of a
lower allowed BAC and well-publicized convictions. This study incorporated accidents

with fatal outcomes only for the drunk driver and did not consider fatal or non-fatal
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consequences for other people involved; neither analyzed the law's effect in different age

groups.

The lack of consistency in deterrence laws' outcomes has been explained using
the risk homeostasis theory (Wilde, 1998). This theory states that people have a
predefined level of risk they are willing to take. Hence, people maintain a certain risk
setpoint if they perceive a benefit from their actions despite the punishment's severity.
Wilde's theory suggests that risk targets and risk perceptions can be modified if
individuals realize that they are at more risk of being punished, either from experiencing
punishment themselves or by witnessing others' punishment (Wilde, 1998). Thus, risk
perceptions can change, resulting in fewer illegal actions, deaths, and injuries if penalties

are effective, more severe, and publicly communicated.

DUI deterrence policies

Zero tolerance laws to deter driving under the influence of alcohol (DUI) have
been in place in different countries since 1936 when Norway implemented the first law
on record (Ross, 1975). Although these policies have not been equally effective, with
reductions in deaths from zero (Ross, 1984) to 38% (Nagata, Setoguchi, Hemenway &
Perry, 2008), and up to 64% for particular age groups (Desapriya et al., 2007), there is a
consensus that they reduce the death rates caused by drunk drivers (Babor, 2010). The
varying results can be caused by real differences in the law's outcomes or the product of
the unstandardized variables and timeframes used to analyze it. To solve these
differences in methodological strategies, this study incorporates more than a single

variable (typically the number of deaths), considering larger periods before and after
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implementing the law. In an attempt to strengthen the results, this study also incorporates
two complementary methodologies, DID and RDD. As they rely on different sets of
assumptions, their combined results would have more weight to suggest causality of any

of the outcomes by reducing the sources of error in the study.

DUI zero-tolerance policies reduce the permitted BAC and increase the penalties
for engaging in non-permitted behaviors. Their implementation has been more practical,
objective, and widespread since the creation of breathalyzers in 1956, which provided an
objective way for police officers to obtain a quantifiable measure of inebriation in the
field (Hansen, 2015). Although the method to measure BAC in drivers is universal, there
is heterogeneity in the outcome chosen to assess these laws' effectiveness. Most of the
analyses focus on deaths immediately after their enforcement. In contrast, some count the
number of dead drivers, others the total number of deaths, and others the number of
accidents and injuries. To our knowledge, no study has examined the difference in
alcohol-related accidents, injuries, and deaths, nor the specific effect in the group of

adolescents and young adults.

Cultural differences could also be important in the variability of the outcomes of
deterrence laws. On average, Latin American countries consume 6.3 liters of alcohol per
capita, which is lower than the OECD average consumption, with 9.3 liters of alcohol per
capita (OECD, 2020). However, the implementation of zero alcohol policies in Brazil has
reduced drunk driving prevalence by 0.5% (Malta et al., 2014). Thus, this study aims at

bridging two main gaps in the literature:

1- The lack of homogeneity in the variables and controls considered in the

analysis of deterrence policies,
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2- The lack of focus on the higher risk age group: adolescents and young adults.

All this while analyzing a group that has been understudied in comparison to

European and North American groups.

International experiences

Studies in Australia based on police reports provided by the transport authority
from 2004 to 2009 found a reduction of up to 34% in fatalities of drivers with BAC
above 0.05 (Faulks et al., 2010). However, a study that tried to identify the cause of the
change did not find a correlation between the reduction of fatalities and the decrease in
the allowed BAC. Instead, they found that the cause of this reduction was associated with
the implementation of random breath testing (Ferris et al., 2013) and not the zero-
tolerance law itself. These Australian studies did not analyze changes in the injuries'
severity or the number of accidents as a proxy of behavioral changes, neither the different

age groups' responses.

In 2008, Brazil reduced the allowed BAC from 0.06 to 0.02. Researchers studied
the total number of injuries and deaths, finding a significant 7.2% reduction in fatalities
in the state of Sao Paulo and a 16% reduction in its capital city. Injuries decreased by
1.8% in the state and 2.3% in the capital (Andreuccetti et al., 2011). To reach this
conclusion, they analyzed an extensive database, with 1,417,078 injuries and 51,561
fatalities between 2001 and 2010. Still, it was not specific for age group, neither for
drunk driving, as it included all traffic injuries and deaths in the analysis, introducing

potential noise sources to their conclusions.
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A review based on US Fatal Accident Reporting System analyzed the outcomes of
lowering the BAC from 0.1 to 0.08 across 14 states in the United States, finding
reductions between 5% and 16% in the number of crashes, fatalities, and injuries, with
consistency in the direction of the change, but not all statistically significant (10 out of
14). None of these studies analyzed adolescents' and young adults' responses to these law

changes (Voas, Tippetts & Fell, 2000).

A more recent study based on the Canadian Traffic Research Foundation data
between 1987 to 2010 used linear mixed-effects models to study the effects in deaths and
accidents after reducing the allowed BAC to 0.05 or 0.04. It found a significant decrease
of 3.7% in the number of dead drivers with a BAC above 0.05, but no significant
differences in the number of accidents (Blais, Bellavance, Marcil & Carnis, 2015). This
study focused on the number of deaths and accidents involving DUI but did not assess the
differences in different age groups' responses. Neither did it look at the injury rates nor
the deaths or non-fatal outcomes by anyone besides the drivers. The authors also found
some missing dead driver tests; for example, in 2010, more than 15% of the fatally

injured drivers were not tested for BAC, and missing test results in all the years analyzed.

In 2002, Japan passed a new law that reduced the allowable limits of BAC from
0.05 to 0.03 and increased the penalties for DUI to up to three years of jail and increased
the fines' costs. Based on the police reports database and yearly averages between the
period before and after the law's enactment, for 30 months after the implementation,
fatalities decreased by 38%, and injuries increased by 6.6%. However, the effects were

not statistically significant. They recognized that the database was not very accurate and

19



underestimated the reported number of events by at least 20% (Nagata, Setoguchi,
Hemenway & Perry, 2008).

In another study of the Japanese case, researchers compared the average of total
DUI crashes for males, females, and adolescents between 16 to 19 years old, clustering
three years before and three years after implementing the law. They found a significant
reduction of deaths by 50% among males, 52% among females, and 64% among
adolescents (Desapriya et al., 2007). These results do not match Nagata's outcome
because of how the researchers aggregated and analyzed the data. Researchers focused
the analysis on adolescents from 16 to 19 years old and clustered three years of incidents
together, incorporating the worst year in history in terms of the number of deaths, which

explains the significant reduction in the death rate they found.

Using data from the Ministry of the Interior of Taiwan, a group of researchers
studied the effects of increasing penalties and reducing the allowed BAC from 0.55 to
0.25 and two other amendments that increased the fines and imprisonment time (Chan,
Chen, Huang & Peng, 2017). They found that the number of injuries and deaths
decreased by 40% and 80%, respectively, comparing 2006 to 2014 rates. However, they
observed that the law's first amendment, which increased the monetary penalties, reduced
deaths only temporarily, returning to the earlier levels after one year. After the second
amendment, which increased imprisonment time for DUI offenders, the number of deaths
and injuries decreased by more than 20%, and after the third amendment, it dropped
again. This study considers a high number of events but sets arbitrary comparison
windows when comparing 2006 to 2014 instead of establishing a continuous comparison

year by year. This study does not report the changes in the number of accidents; neither
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considers the effect of the deterrence laws on adolescents and young adults as a separate
group.

Finally, in an attempt to analyze the outcomes of zero tolerance laws across
Europe, Albalate (2008) examined the results of the reduction of the allowed BAC from
0.08 to 0.05 based on international panel-based data from the European Union. This
analysis showed a significant reduction of deaths in the range of 8.2% to 11.5% for men
18 to 49 years old living in urban areas, but with a three-year lag since implementing the
policy. This study incorporates all registered alcohol-related fatalities in 15 European
countries for 13 years but does not include non-fatal outcomes. Neither does it analyze

the results on the adolescents and young adults' group.

Counterintuitively, sometimes the implementation of more severe punishments
has resulted in unexpected outcomes. For example, the California three-strikes law that
aimed at disincentivizing violent crimes by instituting life sentences for violent crime
offenders that committed a third offense did not result in crime reduction. Based on the
California Department of Justice's monthly crime reports from 1983 to 1998, researchers
found that this policy had zero effect on premeditated violent crimes, using minor
offenses as a baseline (Ramirez & Crano, 2003). In another case study, using regression
analysis of data from the United States' statistical abstract, Benson, Rasmussen, and Mast
(1999) assessed multiple variables thought to discourage alcohol-related traffic accidents,
finding no correlation between the severity of the punishment and a reduction of the
accidents. A more recent example did not find a correlation of deaths with the decrease in
the allowed BAC from 0.05 to 0.03 in Serbia (Zivkovi¢, Nikoli¢, Lukié, Zivadinovi¢ &

Babi¢, 2013). However, researchers used a questionable proxy for DUI deaths; the results
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of the retrospective autopsies of dead drivers, consisting only of 161 total deaths in 6
years, not looking at the number of accidents, injuries, or deaths of other individuals

besides the driver.

Thus, there is high heterogeneity in the methods and approaches to study zero-
tolerance laws' outcomes and a lack of attention on adolescents and young adults'
responses to deterrence laws. There is also a lack of a control group to compare the
effects of the law. All these practices are taken into consideration when studying the

zero-tolerance Chilean case study.

The Chilean case

In 2012, the Chilean government reduced the drivers' legal limits of BAC from
0.1 to 0.08 for drunk driving and from 0.05 to 0.03 for DUI, meeting the World Health
Organization recommendation for the general population (World Health Organization,
2004). This update also increased the severity of the sentences across all violations, with
an immediate three-month license suspension for drivers caught under the influence of
alcohol for the first time, a two-year license suspension for first-time drunk drivers, a
five-year license suspension for the second offense, and permanent driving license
revocation for the third offense (Chilean Government, 2012). In 2014, an amendment was
enforced, increasing the sanctions' severity if drivers caused injuries or death,

implementing permanent drivers' license revocation (Chilean government, 2014).

The Chilean case offers a valuable opportunity to study a well-documented case at
two different levels. At the local level, it contributes to study the deterrence effects in

Latin American countries that have not been studied as extensively as Europe and North
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America, despite being one of the groups with high alcohol consumption. At a general
level, the Chilean outcomes will expand the knowledge of the effect of deterring policies
on several relevant variables beyond deaths, by studying the effect on deaths, accidents,
and three different injuries’ severity at the same time. At the methodological level, the use
of DID and RDD methods allows incorporating additional robustness in the outcomes'
analysis, by using a control group within the data that accounts for potential bias and
comparing the results using wider timeframes and not only the instant outcomes after the

enforcement of the policy.

These outcomes will enrich the understanding of the role of the deterrence theory
and the social learning theory's potential applications. Since most of the population is not
punished by drunk driving, if there are significant effects at the population level, it would
support the idea that deterrence also operates vicariously through social learning and not

only through operant conditioning as the behaviorism theory would predict.

Aims and Hypotheses

This study aims to test the hypothesis that implementing a deterrence zero-alcohol
law in Chile has a significant effect on reducing the overall number of accidents, deaths,
and injuries. Thus, it would be expected that the results would be in the same direction as
other international studies that have found that deterrence policies reduce the rates in the
negative outcomes associated with drunk driving. This study contributes to understanding
the Latin American response to these laws using a broader set of outcomes and
implementing a control group within the same database to account for potential sources

of bias.
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Additionally, this study aims to study the potential heterogeneity in the outcomes
between two age groups: adolescents and young adults, and older adults. It is expected
that the younger group would be less sensitive to the deterrence effect of the policy, as
they may have less emotional control and could be more influenced by environmental

factors and social pressure to engage in risky behaviors.
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Chapter I1

Method

The study was conducted using data recorded by the Chilean traffic accident
database, which includes data collected from January 2002 to December 2018 by the
Chilean transport authority and the Chilean National Institute of Statistics. It provides
information about all the recorded transit accidents, identifying when they involve
alcohol consumption. The number of events caused by alcohol consumption in drivers
was 159,606 accidents out of 856,972 total vehicle accidents in the period (CONASET,
2019), which was adjusted by the estimated total population of the country, under the

projections by the Chilean Statistical Institute (INE, 2017).

The accident database is based on daily data collected by the Chilean authorities.
It is publicly available, and it does not disclose private information. The nature of the
database does not require the Institutional Review Board's approval (IRB), as it does not
include intervention or interaction with the subjects, nor it allows to identify the subjects
involved in the events. This information was requested to the authorities and shared as an

Excel file, ready to use as input for statistical analysis programs.

Data collection
For each accident, police officers take mandatory breathalyzer records to classify
the type of accident. Additionally, they register the date, time, location, gender, and age
of the people involved. Once the medical professionals check for injuries, they include

the accident's outcome in the database, differentiating between mild to severe injuries and
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deaths. All vehicle accidents in Chile require a breathalyzers test identifying if the drivers

were impaired or drunk.

Data Analysis
Given that the legal BAC thresholds remained constant after 2012, the data was
used to study the outcomes of reducing the allowable BAC and increasing the
consequences since 2012 in two different groups. A group for adolescents and younger
adults (between 15 and 25 years old) and another group for older adults (26 years old

onwards).

The first step of the analysis was devoted to cleaning the data from missing or
non-applicable entries. From the original 159,606 accidents caused by drivers' alcohol
consumption between 2002-2018, 4,487 events were filtered out due to missing values in

age or outcomes. The data exploration and processing steps are shown in Figure 1.

The first step in the process was to identify the entries with missing values in the
driver's age variable. 4,487 accidents (2.8% of the total) did not provide the drivers' age,
and they were eliminated from the sample. The second step of the process was to
aggregate the number of accidents, deaths, and injuries by month and create dummy
variables to separate and analyze the monthly total by day and night, old or new law, and

young or old drivers.
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Figure 1. Data analysis and process

/ Original sample

159606 events from 01 January 2002 to
31 December 2018

¥

Removal of 4487 events with missing age
values (2.8%)

l

( Aggregation of the individual events into |
monthly aggregates by age group, time of
“\_ | theday, and pre-post law enactment

All the events that had missing values for the driver's age were eliminated from the
original spreadsheet. Then monthly aggregates were summed in different sub-groups to
proceed with the data analysis.

The aggregation of data was done by creating columns that summed the monthly
number of accidents, deaths, and injuries by their severity (severe, less severe, and mild).
The total number on each of those events was separated by age group, creating a dummy
variable named "Adult". This variable was set equal to 1 when the drivers were 26 years
or older, and O for drivers between 15 and 25. The categorization of the data also
discriminated against whether the events occurred before or after implementing the new

zero-alcohol law. This was done by creating the dummy variable "Law" that took the
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value 1 from March 1%, 2012 onwards, or 0 if the date was before March 1%, Finally, a
dummy variable called "Night" was set equal to 1 if the event occurred between 8:00 PM
and 7:59 AM and equal to 0 if the accumulated number of events occurred at daytime,

between 8:00 AM and 7:59 PM.

Additionally, two other auxiliary variables were created for exploratory analyses.
A gender variable called "Male" equal to 1 when for events caused by males and equal to
0 for events caused by women. An area variable called "Area" equal to 1 for events

occurring in urban areas and equal to 0 for events occurring in rural areas.

Study design

Given that the nature of the deterrence policies is that they set the boundaries for
legal and illegal behaviors, it is difficult (and unethical) to have the freedom to design a
controlled experiment when some of the subjects are assigned to a treatment and others to
a control scenario. One alternative to control for external causes and assess policies'
effectiveness is to study natural experiments and compare different countries or
continents. Still, this alternative does not rule out the risk that the samples would not be
comparable due to cultural differences or other external factors.

Considering the lack of consensus on the methods used in the deterrence
literature, it is difficult to show whether deterrent policies significantly have an effect on
changing individuals' behavior. Due to the lack of randomization, it is not possible to
compare outcomes before and after implementing the policy, as other concomitant
changes may cause any change in outcomes. Under these complex scenarios, the use of

difference-in-differences approach and regression discontinuity designs offers a useful
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opportunity to introduce sources of control by using subsets of the data as a control to
avoid confounders and isolate treatment effects when randomized controlled trials are not

an option.

Difference-in-differences

The effects of the new policy on accidents, deaths, and injuries were estimated
through a difference-in-differences analysis. This method compares mean changes in the
dependent variable by calculating the difference in the outcome in the treatment group
before and after the policy and subtracts from this the difference before and after the
policy in the control group (Dixon, 2018). For this study, the daytime DUI events were
used as a control group and the night-time DUI events as the treatment group. Of all the
events that occurred in the period, 69.6% of them happened between 8:00 PM and 7:59
AM, which was defined as night-time, confirming the suspicion that the DUI events
would be more frequent at night. This outcome could be explained by the fact that most
social drinking happens typically at night, after work, or school when people have more

free time to organize social gatherings and drink alcohol.

The difference-in-differences approach was used to study the outcomes of
accidents, deaths, severe injuries, less severe injuries, differentiating the groups of
adolescents and young adults from older adults. The analysis considered three years

before and three years after implementing the law to have comparable data lengths.

To perform the analysis and obtain the difference-in-differences estimate
describing the interaction between the implementation of the law and its outcomes, the

years before the update were set as 0, and the years post-update were set as 1. In the case
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of treatment and control groups, the daytime data was equal to 0 (control), and the night-
time equal tol (treatment). The resulting coefficient of the interaction effect Law * Night

is intended to estimate the treatment's actual effect on the outcomes.

Figure 2. Difference-in-differences diagram

X Treatment,
Treatment treatment group
counterfactual
X Treatment,
Before x Control,
After
x Control,
Before
Before After

Difference-in-Differences theoretical diagram, adapted from Fredriksson & Olivera,
2019
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The two main assumptions of the difference-in-differences method are the parallel
trends assumption and shock assumption (Dimick & Ryan, 2014). Parallel trends
assumption states that the trends in the outcomes between treatment and control groups
would have been the same in the absence of the intervention. Thus, it would be
reasonable to assume that the parallel trend would continue for both groups in the
absence of the intervention. The shock assumption states that any unpredicted event
affecting the system would impact all the groups equally; thus, any observed change is

caused by the treatment. Under these assumptions, DID allows making causal inferences.

Regression models were fitted individually for each outcome (accidents and

severities) in both age target groups using the daytime results as a control group.

The difference-in-differences method is based on the following equation:

D I D = (Xtreatment, after = Xtreatment, before) - (Xcontrol, after = Xcontrol, before) (eq . 1)

Where ¥ is the average of the outcome variable. Regression analysis is used to

obtain the DID estimate, which is assumed to represent the intervention's effect.

Regression discontinuity
After the difference-in-differences analysis comparing treatment-group (night-
time) and control group (daytime), a regression discontinuity design approach was used
to study in more detail the effects of the policy during the night. Regression discontinuity
models assess the causal effect of implementing a new, more restrictive, and harsher DUI
policy on the behavioral outcomes of accidents, deaths, and different levels of injuries.

Like DID, under certain assumptions, a regression discontinuity approach allows making
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causal inferences relying on observational data (Imbens & Lemieux, 2008; Thistlewaite
et al., 2016) and taking advantage of the exogenous variation of the sharp cutoff

generated by the implementation of the new law on the behavioral outcomes.

We use a regression discontinuity design to examine the causal effect of a lower
allowable BAC and harsher laws. Assuming that the unobservable variables remain
constant around the cutoff, the new policy should be the source of variation in the
treatment (Thistlewaite et al., 2016). Regression discontinuity requires the outcome
around the cutoff not to be manipulated. As the new policy was enforced on the same
date in the whole country, intentional manipulation is unlikely. The advantage of using
the regression discontinuity design to analyze the outcomes of policies is that the date of
the policy's implementation defines a natural cutoff. In this case, it is the exact date that
the law comes into full force. To compare the results with an equal number of data points,

the chosen bandwidth was three years before and after the law's implementation.

RDD takes advantage of the discontinuity created by the policy update in March
2012 and uses this date as a sharp cutoff to compare the outcomes before and after the
policy. The main effect is calculated through regression analysis using the dummy
variables, also adding gender and area as controls. The discontinuity caused by the law
enforcement allows us to graphically visualize the effect of the law on the behavioral

outcomes of accidents, deaths, and injuries in both age groups.

The RDD design assumes that all participants are strictly assigned to the treatment
when the cutoff criteria are met. In this case, the policy's implementation meets the cutoff
criteria because the new law was implemented for everyone in the country on a given

date and time, in theory, without exceptions. The RDD design assumes that the group
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would continue with the same trajectory of the regression line in the absence of
treatment. It also assumes that the second measure is correctly measured (Trochim,
1990). In this case, the rationale is that the number of events just before the date of
implementation of the law does not receive the "treatment”. They can be compared with
the events just after the implementation of the new law- receiving treatment. The
assumption of these models is that any difference of outcome at the cutoff can be

interpreted as evidence of the treatment's effect and discard any confounders.

The methodological approach uses the discontinuity in the events before and after
the enforcement of the law, considering the following regression model (adapted from

Jacob et al., 2012):

Y =fo+P1 LAW + B2r+¢ (eq.2)

Where Y is the outcome variable, Bo is the average value of the outcome variable
for the population before implementing the law, P1 is the coefficient for the treatment
group, B2 is the coefficient or the function that represents the relationship between the
month of the law implementation and the outcomes, and the LAW is the dummy variable

that signals whether the new zero alcohol law was in place or not.

The Dummy variable LAW is defined as:

0 for events before March 1%, 2012
LAW

1 for events from March 1%, 2012 onward

The analysis consists of estimating the effect B1 of the law on the outcome

variable.
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For the controlled versions of the RDD analysis, the regression equations was:

Y =Po+ B LAW + B2 Male + B3 Area + B4 r + ¢, (eq.3)

With Male and Area defined as dummy variables.

0 for Female individuals
Male —

1 for Male individuals

0 for events occurred in rural areas
Area

1 for events occurred in urban areas

Thus, the RDD design takes advantage of the exogenous variable of the
enforcement of the law for all drivers at the same time, which changes discontinuously at
the threshold date. This is used to estimate causal effects, assuming that the drivers at the
different sides of the threshold are comparable, and any effect is caused by the new
policy. (Hahn, Todd, & van der Klaauw 2001). To obtain a comparable result with the
DID approach, the bandwidth selected for the RDD was also three years before and three
years after the law enforcement without selecting any particular weighting on the

threshold's vicinity.

Finally, to compare the magnitude of the difference in the effect of the policy in
the younger and older group, a three-way interaction was performed by running linear
regression models on each variable according to the following equation:

Y = o+ p1 LAW + B2 Night + B3 * Adult + ps LAW * Night + ps LAW * Adult +

Bs Night * Adult + p7 LAW * Night * Adult +&  (eq.4)
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Figure 3. Regression discontinuity design diagram
A

Cutoff
Outcome
Effect of
Variable /themk"/
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v

The distance between both regression lines is considered to be the effect of the treatment.

Where Y is the dependent variable and LAW, Night and Adult are dummy

variables:
LAW
| 1 for events from March 1%, 2012 onward
U TOr events berore Viarch I, 2012
] | 0 for events occurring at daytime
Night - - -
1 for events occurring at night-time
Adult 0 for events caused by adolescents or young adults
u

1 for events caused by older adults

Which results in a set of coefficients reported in the results section.
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Chapter 111

Results

The final sample consisted of 155,119 events recorded between January 2002 to
December 2018 across the Chilean territory. The distribution of the variables (Table 1)
shows that the mean age of the people involved in alcohol-related accidents is 34.56
years, most of the events occurred at night (69.61%), in urban areas (73.95%) and were
caused by males (82.12%). The events' distribution shows that adolescents and young
adults caused 29.2% of the events, with an average age of 21.35 years, whereas older
adults caused 70.8% of the events with an average age of 34.56 years. Descriptive
statistics show that in the group of older adults, there is a slightly larger over-
representation of men (85.3% compared to 74.4% in the younger group) and accidents in
urban areas (75.3% compared to 70.5% in the younger group). In contrast, the younger
group shows a higher prevalence of night accidents (74,8% compared to 67.4% in the
older group).

As expected, the frequency distribution of accidents caused by drivers under the
influence of alcohol gradually increases with age, peaking at 25 years (Figure 4). After 25

years, the number of accidents per age decreases steadily.
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Table 1
Sample breakdown

Adolescents and young
Variables adults Older adults Total
Sample Size 45,270 (29.2%) 109,849 (70.8%) 155,119 (100%)
Age: Mean (SD) 21.35 (2.79) 40.56 (11.39) 3456 (8.88)
Time: Night (%) 33,901 (74.8%) 74,083 (67.4%) 107,984 (69.61%)
Gender: Male (%) 33,684 (74.4%) 93,704 (85.3%) 127,388 (82.12%)
Area: Urban (%) 31,942 (70.5%) 82,773 (75.3%) 114,715 (73.95%)

Sample breakdown of the events and outcomes from 2002 to 2018 aggregated by age,
time, gender, and area.

Figure 4. Age histogram of accidents

Accidents caused by alcohol in driver 2002 - 2018

0

Cumm Accidents per age
2000

0 20 40 60 80 100

Age

Age distribution of accidents caused by drivers under the influence of alcohol by age:
The red line shows the age cutoff between the groups, up to 25 years old for adolescents
and younger adults, and above 25 years old for older adults.
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Figure 5 shows trends in monthly DUI accidents in the period from 2002 to 2019.
When controlling for the country's estimated age-group population. Both older adults and
adolescents and younger adults show a slow increase of DUI accidents up to March 2012.
After that date, there was a sharp decline in DUI accidents. This change suggests a
reduction in accidents, deaths, and injury rates that coincides with the implementation of
the zero-alcohol law (See Appendix Il for time series of additional variables).
Adolescents and young adults show a higher prevalence per 100,000 inhabitants in all the

reported variables.

Figure 5. Monthly accidents from 2002 — 2019 by age group

Accidents

=
'

Adolescents and young adult:

Monthly rate per 100.000 inh

Older adults

2003 2005 2007 2009 2011 2013 2015 2017 2019
Date

Monthly rate of transit accidents caused by DUI per 100,000 individuals from 2002 to
2019. Adolescents and young adults (black) and older adults (blue) per 100.000
inhabitants in that age group. The red line shows when the enforcement of the zero-
tolerance law, and the yellow line, the amendment's date in 2014.
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Difference-in-differences

This section examines the effect of the zero-tolerance policy on reducing alcohol-
related accidents, deaths, and injuries using a difference-in-differences (DID) approach,
using the events occurring during daytime as a control group three years before and three
years after the enforcement of the law.

Figure 6 shows the difference-in-differences analysis results for adolescents and
young adults per 100,000 inhabitants. The graphical analyses show a consistent trend for
all variables, where the average night-time values are higher than daytime rates. It is also
apparent that the average rate of accidents, deaths, and injuries remain somewhat constant
during the day before and after the cutoff date. In contrast, the night-time rates show a
reduction after the law implementation. The apparent reduction is likely to be significant,
as the 95% confidence intervals do not seem to overlap. This result will be checked
numerically by analyzing the DID coefficients in table 2.

Using the sample from 2009 to 2015, Table 2 reports the DID estimates of the
zero-alcohol policy's treatment effect on the number of accidents, deaths, severe injuries,
less severe injuries, and mild injuries by comparing day and night events. Night rows
show the mean night values of each variable during the pre-policy and post-policy
periods. Difference rows show the simple difference between the day and night rows for
the pre-policy and post-policy periods. The first column contains the mean value of the
pre-policy events. The second column reports the mean value of events post-policy
implementation. The third column reports the difference between pre-policy and post-
policy mean values for each variable. The fourth column shows the difference-in-
differences coefficient. If the DID coefficient is significant it suggests that there is an

effect of the policy on the outcomes.
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Figure 6. Difference in difference graphs for adolescents and young adults
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Trends in adolescents and young adults' outcomes for treatment (night-time accidents)
and control (daytime accidents). The orange lines show the changes in the mean monthly
rates per 100.000 inhabitants during the daytime before and after the update. The green
line shows the differences in the mean monthly rates of night-time events before and after
the law's implementation. Linear regressions and graphical analyses are shown in
Appendix I11.
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Table 2
Difference-in-differences analysis for adolescents and young adults

Adolescents and younger adults

DD
Accidents Pre-law | Post-law | Difference | estimate
Night 1.078 0.874 -0.20*** -0.18***
Day 0.341 0.320 -0.02 ns
Difference 0.736*** | 0.554*** | -0.182

DD
Deaths Pre-law | Post-law | Difference | estimate
Night 0.028 0.019 -0.008*** | -0.008*
Day 0.005 0.004 -0.001 ns
Difference 0.022*** | 0.014*** | -0.008

DD
Severe injuries Pre-law | Post-law | Difference | estimate
Night 0.121 0.099 -0.021* -0.02%*
Day 0.033 0.029 -0.003 ns
Difference 0.088*** | 0.069*** | -0.018
Less severe DD
injuries Pre-law | Post-law | Difference | estimate
Night 0.078 0.061 -0.016* -0.012 ns
Day 0.024 0.019 -0.005 ns
Difference 0.054*** | 0.042*** | -0.011

DD
Mild injuries Pre-law | Post-law | Difference | estimate
Night 0.548 0.423 -0.12%*** -0.12%%*
Day 0.176 0.162 -0.013 ns
Difference 0.372*** | 0.261*** | -0.111

Results of the DID analysis for adolescents and young adults. The pre-law column shows
the mean values before the enforcement of the zero-tolerance law. The post-law column
shows the mean values after the enforcement of the law. The difference column shows the
difference between the pre-policy and post-policy mean values, and the DD estimate
column shows the DID coefficient. ns = non-significant results, * = significant result with
p-value<0.05, ** = significant results with p-value <0.01, and ***= significant result
with p-value <0.001. Appendix Il contains the linear regressions for the DID analyses.
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For the adolescents and young adults’ group, except for the less severe injuries,
the difference is significant (p<0.05) and negative, which indicates that the policy was
effective in reducing the frequency of events. Consistent with the selection of the daytime
events as a control. The lack of statistically significant difference between the pre-policy
and post-policy periods confirms that the was not an impact on the daytime events.

Figure 7 shows the difference-in-differences analysis results for older adults per
100,000 inhabitants. The graphical analyses show a consistent trend for all variables,
where the average night-time values are higher than daytime rates. It is also apparent that
the average rate of accidents, deaths, and injuries remain somewhat constant during the
day before and after the cutoff date, except for the severe injuries, where both trends, day
and night, seem to have a similar change after the cutoff. In contrast, the night-time rates
show a reduction after the law implementation. The apparent reduction is likely to be
significant, as the 95% confidence intervals do not seem to overlap. These results are
checked numerically by analyzing the DID coefficients in table 3.

Table 3 reports the DID estimates of the zero alcohol policy's treatment effects on
the older adults group. This model compares pre-policy and post-policy outcomes in
accidents, deaths, severe injuries, less severe injuries, and mild injury rates at daytime
and night-time. Night-time events show a significant reduction of all the variables, which
suggests that the zero-alcohol policy effectively reduced the rate of accidents and injuries
caused by drivers under the influence of alcohol. In the case of the daytime events, most
of the variables did not show a significant difference during the daytime, except for
severe and less severe injuries, which showed a significant reduction (p<0.05) compared

to the results pre-policy. Here all the night-time events showed a significant reduction
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when comparing pre-policy and post-policy implementation. The DID coefficients were
significant for accidents, deaths, and mild injuries, suggesting that the policy effectively

reduced these event rates in older adults.
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Figure 7. Difference in difference graphs for older adults
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Trends in older adults' outcomes for treatment (night-time accidents) and control
(daytime accidents). The orange lines show the changes in the mean monthly rates per
100.000 inhabitants during the daytime before and after the update. The green lines show
the differences in the mean monthly rates of night-time events before and after the law's
change. Details on the linear regressions and graphical analyses can be found in
Appendix I11.
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Table 3
Difference-in-differences analysis for older adults

Older adults

DD
Accidents Pre-law | Post-law | Difference | estimate
Night 2.212 2.047 -0.16* -0.21*
Day 1.036 1.050 0.015ns
Difference 1.176*** | 0.996*** | -0.180

DD
Deaths Pre-law | Post-law | Difference | estimate
Night 0.048 0.036 -0.012** -0.08*
Day 0.017 0.012 -0.004 ns
Difference 0.032*** | 0.024*** | -0.008

DD
Severe injuries Pre-law | Post-law | Difference | estimate
Night 0.170 0.148 -0.022** -0.059 ns
Day 0.089 0.071 -0.018*
Difference 0.081*** | 0.077*** | -0.003
Less severe DD
injuries Pre-law | Post-law | Difference | estimate
Night 0.110 0.077 -0.03*** -0.02**
Day 0.053 0.042 -0.01*
Difference 0.057*** | 0.034*** | -0.022

DD
Mild injuries Pre-law | Post-law | Difference | estimate
Night 0.769 0.666 -0.10%** -0.1%*
Day 0.342 0.336 -0.005 ns
Difference 0.427*** | 0.331*** | -0.096

Results of the DID analysis for older adults. The pre-law column shows the mean values
before the enforcement of the zero-tolerance law. The post-law column shows the mean
values after the enforcement of the law. The difference column shows the difference
between the pre-policy and post-policy mean values, and the DD estimate column shows
the DID coefficient. ns = non-significant results, * = significant result with p-
value<0.05, ** = significant results with p-value <0.01, and ***= significant result with
p-value <0.001. Linear regressions can be found in Appendix IlI.
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Regression discontinuity

This section reports the zero-tolerance policy results on alcohol-related accidents,
deaths, and injuries using the regression discontinuity design (RDD) method, focusing on
the policy's effects at night-time.

Figure 8 shows the graphical analyses of the RDD for the adolescents and young
adults group per 100,000 inhabitants. Although there is an apparent reduction of all the
variables after the cutoff, a visual inspection suggests that the largest reductions are in the
accidents and mild injuries rates, which are the variables with the higher base rates.
Deaths, severe and less severe injuries also show a reduction in their rates. Still, the
graphs show some overlap in their 95% confidence intervals, represented by the grey
shadows surrounding the red and green regression lines. This interpretation is studied in
more detail by analyzing the RDD coefficients in table 4.

Table 4 shows the estimated treatment effects for the different variables for
adolescents and younger adults. The first column reports the RD estimates for the events
occurring at night-time. The second column reports the RD estimates for the night-time
events, controlling for gender and area. The third column reports the RD estimates for
night-time events using quarters instead of months, controlling for gender and area. The
regression discontinuity analysis results confirm the reduction in all the event rates,

although not statistically significant for all the variables.
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Figure 8. Regression discontinuity of the nightly outcomes of adolescents and young

adults
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The orange line shows the trends of the monthly rate outcomes per 100.000 inhabitants
before implementing the new law, and the green line shows the trends after the
implementation of the new law. The distance between both regression lines is interpreted
to be the treatment effect of the new law. Daytime scattergrams and linear regressions
can be found in Appendices 1V-VI.
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The results from the statistical analysis of the linear models show that the size of
the intercept difference between the regression line for the period before the enforcement
of the law and the regression line for the event after the enforcement of the law in the
group of adolescents and young adults was significant for accidents, less severe injuries,

and mild injuries, but not for deaths and severe injuries.

Table 4
Regression discontinuity results for adolescents and young adults

Zero alcohol law effect (treatment)
Adolescents and Night controlled by Night, as quarters, controlled
younger adults Night gender and area (Urban) | by gender and area
Accidents -0.337*** | -0.084*** 0.0085***
Deaths -0.01 ns -0.003ns -0.002ns
Severe injuries -0.025 ns | -0.006ns -0.007ns
Less severe injuries | -0.024* -0.006* -0.006*
Mild injuries -0.183*** | -0.046*** -0.046***

Column 1 shows the size of the effect for the nigh-time events, column 2 shows the effects
for the night-time effects, controlling for gender and area (urban/rural), and column 3
shows the night-time effects with controls for gender and area, but treating time as
quarters instead of months. ns = non-significant results, * = significant result with p-
value<0.05, ** = significant results with p-value <0.01, and ***= significant result with
p-value <0.001. Linear regressions can be found in Appendices I1V-VI.

48



To confirm if the results held when controlling by gender and whether the events
occurred in urban or rural areas (Area), the controlled linear regressions were run. The
resulting estimates were smaller than the non-controlled regression, which is expected
when including relevant variables as controls. Still, the significance of these estimates
was held in the non-controlled version.

A consistent result across all the linear models is that although neither deaths nor
severe injuries reached significance, both discontinuities were negative. This suggests, at
best, the existence of a weak effect on the most severe outcomes.

For the group of older adults, Figure 9 shows the graphical analyses of the RDD
per 100,000 inhabitants. In this case, there is an apparent reduction in all the variables
after the cutoff, except for the death rates. A visual inspection suggests that accidents and
all injuries showed a significant reduction as result of the implementation of the law, as
none of their 95% confidence intervals seem to overlap. Deaths, on the other hand, did
not seem to be affected by the deterrence law. This interpretation is studied in more detail
by analyzing the RDD coefficients in table 5.

For the group of older adults, the results of the RDD in Table 6 show that the size
of the intercept difference between the regression line for the period before the
enforcement of the law and the regression line for the event after the enforcement of the
law was significant for accidents, severe injuries, less severe injuries, and mild injuries,
but not for deaths. The scattergrams (Figure 9) also suggest the absence of a discontinuity
in the case of deaths. This result contrasts with the linear models' results for the daytime
data, where although accidents, severe injuries, and mild injuries reached significance,

they were much smaller than the results during the night-time (see Appendices IV-VI).
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Figure 9. Regression discontinuity of the nightly outcomes of older adults
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The orange line shows the trends of the monthly rate outcomes per 100.000 inhabitants
before implementing the new law, and the green line shows the trends after the
implementation of the new law. The distance between both regression lines is interpreted
to be the treatment effect of the new law. Daytime scattergrams and linear regressions
can be found in Appendix VIII.
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To compare if the results held when controlling by gender and whether the events
occurred in urban or rural areas (area), the controlled linear regressions were run. The
resulting estimates were smaller than the non-controlled regression, which is expected
when including relevant variables as controls, but the significance of these estimates held
as in the non-controlled version, except for less severe injuries, that reached significance
in the controlled version of the RDD.

Table 5 shows the estimated treatment effects for the different types of events in
Chile from 2009 to 2015. Column 1 shows the RDD estimates for the events occurring at
night-time in the group of older adults.

Figure 9 shows that as well as in the adolescents and younger adults' group, the
events with higher frequency (accidents and mild injuries) have a more prominent drop in
their rates after the enforcement of the law. The following variables with larger
reductions are the severe and less severe injuries, which, although smaller than accidents
and mild injuries, are still significant. In this case, deaths did not reach significance, but it
has a small negative effect, which implies that there is still some small effect on these
outcomes in the group of older adults.

A consistent result across all the linear models is that deaths did not reach
significance. However, in both cases, the RDD coefficients were negative. This suggests,

at best, a weak effect on the most severe outcomes.
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Table 5

Regression discontinuity results for older adults

Zero alcohol law effect (treatment)

Night controlled by

Night, as quarters, controlled

Older adults Night gender and area (Urban) | by gender and area
Accidents -0.698*** | -0.175%** -0.171%**

Deaths -0.004 ns | -0.001ns -0.001ns

Severe injuries -0.057** | -0.0014*** -0.014***

Less severe injuries | -0.036** | -0.009** -0.009**

Mild injuries -0.216%** | -0.054*** -0.053***

Column 1 shows the RDD results for the nigh-time events, column 2 reports the results
for the night-time effects, controlling for gender and area (urban/rural), and column 3
shows the night-time effects with controls, but treating time as quarters instead of
months. ns = non-significant results, * = significant result with p-value<0.05, ** =
significant results with p-value <0.01, and ***= significant result with p-value <0.001.
Linear regressions can be found in Appendices 1V-VI.
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Three-way interaction

A three-way interaction was performed to confirm the result that in appearance,
the effect of the zero-alcohol policy was larger in the younger group. This method
analyzes the effects of the enforcement of the zero-alcohol law, at night-time, and
whether the group was of older adults or adolescents and younger adults. Table 6 shows
the results of the three-way interaction.

Column 1, in Table 6, shows the coefficients for the law. Although non-
significant, all are negative, which suggests that there is at least a small effect of the new
law in reducing events' rates. Column 2 shows the night coefficients, which were all
significant and positive, confirming that most of the events involving DUI were at night.
Column 3 reports the coefficients for the adult variable. In this case, only the coefficients
of mild injuries and less severe injuries were significant. However, all the coefficients
were negative, which suggests that adults had lower rates of events. Finally, column 4
contains the interaction effects, which were all positive. Although only the three-way
interaction term for mild injuries was significant, the terms for accidents and severe
injuries were near significant, suggesting that the law's effect in the group of adolescents

and younger adults was slightly larger than in the older group, but non-significant overall.
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Table 6
Three-way interaction

Tree-way interactions | Law Night Adult Law * Night * Adult
Accidents -0.067 ns | 3.99*** | -0.130 ns 0.517 (0.065)
Deaths -0.005ns | 0.119*** | -0.001 ns 0.027 (0.189)
Severe injuries -0.022 ns | 0.470*** | -0.029 ns 0.084 (0.087)

Less severe injuries -0.030ns | 0.289*** | -0.043* 0.021 (0.585)

Mild injuries -0.078 ns | 1.992*** | -0.375%** 0.410** (0.003)

Column 1 shows the coefficient of the effect for the variable Law, column 2 shows the
coefficient of the effect of the variable night, column 3 contains the coefficient for the
variable adult, and column 4 contains the coefficient for the three-way interaction. ns =
non-significant results. * = significant result with p-value<0.05, ** = significant results
with p-value <0.01, and ***= significant result with p-value <0.001. Linear regressions

can be found in Appendix VII.
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Chapter IV

Discussion

This study aimed to compare the effects of a deterring law on adolescents and
young adults compared to the effects on older adults. First, comparing the zero-alcohol
law's effects using the daytime alcohol-related accidents as a control, and second, using a
regression discontinuity approach. This study's outcomes provide a first approximation of
the differential effects of deterrence policies using two different but complementary

statistical methods: difference-in-differences and regression discontinuity design.

The analysis confirms the hypothesis that the deterrence law led to a large and
significant reduction in accidents, severe and mild injuries in both younger individuals
and older adults. Interestingly, the results did not confirm the hypothesis that the
deterrence law was less effective for adolescents and young adults; if anything, the three-
way interaction results suggest that the policy's effects were slightly larger in the younger
group, although this interaction was not statistically significant. One possible explanation
for the larger effect in the group of adolescents and younger adults is that despite the
theoretical less maturity of their brain cognitive control areas, the fact they show a higher
prevalence of DUI leads to a more heterogeneous group in terms of the willingness to
take risks. Thus, the adolescents' group could include a mix of people that are "harder"
DUI drivers — individuals that would drive under the influence of alcohol, regardless of
the punishment, and "softer" DUI drivers — individuals that are more sensitive to rethink
their driving behaviors with proper incentives. As adolescents and younger adults have

potentially less experience breaking the law and may interact with people who also have
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less experience, they may think it is riskier to breach the law. On the other hand, older
adults are more likely to have breached the legal limits of laws or know people that have
done it without being punished, which may increase their drunk driving intentions

(Bouffard, Niebuhr, & Exum 2017).

The heightened sensitivity to social pressure and Bandura's social learning theory
(1977) offers a potential explanation of why adolescents could be more sensitive to
deterrence. As they would be more worried about maintaining a good appearance, if
drunk driving is not well regarded among their peers, it could decrease the likelihood of
engaging in drunk driving (Paternoster & lovanni, 1986). Thus, the personal and
vicarious experiences of individuals that were caught may act as a system of social
reinforcement that makes them less likely to offend in the future (Stafford & Warr, 1993),
as naive individuals tend to overestimate the likelihood of being arrested for engaging in

criminal behaviors (Jensen, 1969).

In response to the slightly lower sensitivity of older adults to deterrence, at least
three theoretical perspectives could explain their behavior. One possible explanation of
this finding is that older adults may have engaged in illegal prior behaviors, or know
more people that have done it without being caught. If this is the case, they would be
more willing to defy the odds and engage in drunk driving despite the promise of severe
punishment. Interestingly, even for individuals that are caught and punished, the odds for
them to re-offend may not decrease (Raaijmakers et al., 2017). This may be explained by
what is known as the "gamblers fallacy™ (Clotfelter & Cook, 1993), or the increase of
bets after being caught under the assumption that since the low probability event of being

caught already occurred, then it is not going to happen again, thus increasing their
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chances of "winning" in their subsequent attempts and reducing their perception of new
sanction threats (Pogarsky and Piquero, 2003). Finally, as per the risk homeostasis theory
(Wilde, 1998), another plausible explanation for the lower sensitivity of older adults to
deterrence may be that they are more prone to reset their risk tolerance level. Thus, if
they break the law one time and are not caught, they may increase their drunk driving

frequency to match prior levels of risk (Wilde, 1982).

Research Limitations

The study relies on historical data and, for this reason, lacks random assignment.
Thus, it cannot be used to demonstrate a causal effect using the gold standard of
randomized control trials. Since it is not ethically possible to assign individuals to
different policy regime laws, it is the best possible scenario to compare the outcome of
implementing more or less severe laws. The study cannot be assumed to represent the
entire Chilean population, but it is representative of the group of interest, which is the
people who cause accidents, injuries, and deaths while driving under the influence of

alcohol.

Although the results were consistent with the theory that drink driving peaks at 25
and then steadily decreases, to have a more definitive confirmation that drunk driving
decreases with age after 25 years, it would be necessary to design a longitudinal study

and follow up the evolution of a single cohort instead of comparing two different cohorts.

Another limitation is the possibility that some events are not registered in the
database. There might be some cases where the drivers hit and run, the police do not

record the causes of the events accurately, or there are errors while digitalizing the
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information. Still, based on the large number of events recorded in the database, missing
events should not impact the analysis's quality. An additional assumption is that the
police criteria to classify the events did not change before and after the law was enacted,
which is confirmed by the Chilean police's annual statistical reports, where they do not

mention any updates in the classification criteria (Chilean Police, 2016).

Other extrinsic factors may contribute to changes in the severity of accidents,
such as better road conditions, improvements in safety devices for vehicles, or better
health services in the emergency rooms. Even though these factors cannot be discarded
entirely, there is no evidence that there were any significant changes in these factors in
Chile before or after the law was updated, so it is unlikely that they explain the results.
For road infrastructure, most of the changes and projects have focused on connectivity
instead of road safety (Chilean Government, 2016) or safety devices in vehicles. The lack
of changes in vehicles' safety technology is manifest in the list of the best-selling cars in
Chile, where most of the cars are in the lower end and do not incorporate state-of-the-art
safety devices (EI Mercurio Newspaper 2011; 2013). For the case of new technologies
like Uber, which could impact the reduction of drunk driving behaviors by making it
easier to travel, there is no perceivable impact on any of the variables after its arrival in

January 2014.
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Conclusion

This research project analyzed the impact of harsher punishments to driving under
the influence of alcohol introduced by the DUI law in March 2012 in Chile. The analysis
was based on the Chilean Transport Authority's daily data, which provided information
about the accidents and their consequences. The data were analyzed using two different
statistical approaches: a difference-in-differences approach that compared the average
outcomes before and after the implementation of the law, and a regression discontinuity
design approach, comparing the outcomes before and after the implementation of the law

at night time, controlling for gender and urban factors.

Both approaches show that there was a significant reduction in accidents, deaths,
and injury rates. On average, the effect was slightly larger in the adolescents and young

adults group.

Although in the literature multiple case studies show the effects of deterrence
policies in DUI, the use of more rigorous methods such as difference-in-differences and
regression discontinuity design allows policymakers to eliminate some previous biases
that can affect the interpretation of results. The use of control groups in the DID approach
can increase the internal consistency of the results and reduce the potential sources of
biases that a simple time series could infer. The complementation of the regression
discontinuity also helps strengthen the analysis outcomes, as it is based on different
assumptions than the DID approach, which builds a more robust model. The fact that
both methods support the hypothesis that deterrence laws can be effective in reducing

DUI and its consequences strongly support the implementation of more severe laws.
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The finding that adolescents and younger adults are slightly more susceptible to
zero-alcohol laws than older adults, which was supported by negative and some slightly
significant and near significant three-way interaction coefficients, sheds some light on the
effectiveness of these laws in the group that is more at risk of drunk driving. However,
the analysis outcomes suggest that more deterrent zero-alcohol policies can dissuade all

age groups.

The Chilean case study suggests that researchers can use pre-existing databases to
study in more detail the potential effects of public policies in real-world quasi-

experiments when it is not possible to work with randomized control trials.
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Appendix |
Definition of Terms

Adolescents and young adults: individuals 25 years old or younger.

BAC (Blood Alcohol Concentration): the concentration of alcohol in the blood. The BAC
value is the scale used by the police or hospitals to measure inebriation; it can be obtained
either from a breathalyzer (indirect method) or by analyzing blood samples (direct
method). The breathalyzer is the procedure used by the police during random roadway
screenings. It is the measure most commonly used for the investigation of car accidents
because its readings are immediate (Andreuccetti, Carvalho, Cherpitel, Ye, Ponce, Kahn

& Leyton, 2011).
Celerity: the act of punishing behavior in the shortest possible time (Ross, 1984).

Certainty: the probability of being punished after engaging in a prohibited behavior

(Ross, 1984).

Deterrence theory: a theory that posits that if there is a high probability of punishment for
engaging in illegal behavior, then there is a reduction in the actual occurrence of the
behavior. For driving under the influence of alcohol, harsher penalties for breaking the
law are presumed to reduce the frequency of driving under the influence of alcohol (Ross,

1993).

Driving under the influence (DUI): the act of driving a vehicle while intoxicated with
alcohol (Hull, Levenson, Young & Sher, 1983). Under Chilean law, DUI begins at BAC

0.03 (0.3 g alcohol/ L blood) (Chilean Government, 2012; Chilean Government, 2014).
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Drunk driving: the act of driving a vehicle with BAC above 0.08 (0.8 g alcohol/ L blood)
(Chilean Government, 2012; Chilean Government, 2014). At this concentration, alcohol
causes dramatic slowness of reactions and reduction of cognitive abilities and self-control

(Hull et al., 1983).

Risky behavior: action that may result in undesired consequences. For this study, the
primary risky behavior is DUI, and its unintended consequences are being caught by the

police, causing a road accident, and injuring or causing death to someone (Wilde, 2014).

Risk Homeostasis: a theory that posits that all individuals have a defined risk setpoint that
is inherent to their understanding of a given situation and their perceived capabilities.
Thus, in the long term, road accidents remain the same (stay in a given set point) despite

having more safety devices in cars, better roads, or harsher laws (Wilde, 1998).

Severity: refers to the degree of the consequence of engaging in a given criminal action

(Ross, 1984).

Social learning theory: a theory that posits that people can learn from others’ experiences
through observation, modeling, or imitation (Bandura, 1977). Applied to DUI, it explains
why people would avoid driving after consuming alcohol if others suffered a severe

consequence for that action, or due to cultural practices.
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Appendix 1

Difference-in-differences graphs and regression models

DiD Accidents adolescents and young adults

1.00 - 4'
¢ Night
Day

® nNight

0.25- i 1
Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_accident_y <-T1m(100000*Accidente_joven/Population ~ Night + Law +
Night* Law, data = did_dn)
> summary(model_accident_y)

call:
Tm(formula = 1le+05 * Accidente_joven/Population ~ Night + Law +
Night * Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.43861 -0.06742 0.00019 0.08234 0.36946

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 0.34143 0.02162 15.793 < 2e-16 ***

Night 0.73661 0.03057 24.093 < 2e-16 ***

Law -0.02141 0.03057 -0.700 0.485

Night:Law -0.18233 0.04324 -4.217 4.42e-05 %%

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.1297 on 140 degrees of freedom
Multiple R-squared: 0.8699, Adjusted R-squared: 0.8671
F-statistic: 312.1 on 3 and 140 DF, p-value: < 2.2e-16
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DiD Accidents older adults

¢
: ¢

M
[ -]

Night
Day

® Night

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_accident_a <-1m(100000*Accidente_a/Population ~ Night + Law + Nig
ht* Law, data = did_dn)
> summary(model_accident_a)

call:
Tm(formula = 1le+05 * Accidente_a/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.82199 -0.17475 -0.00958 0.18050 0.67130

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 1.02211 0.04348 23.508 <2e-16 ***

Night 1.16085 0.06149 18.879 <2e-16 *¥*

Law -0.01809 0.06149 -0.294 0.7691

Night:Law -0.20779 0.08696 -2.389 0.0182 =*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.2609 on 140 degrees of freedom
Multiple R-squared: 0.812, Adjusted R-squared: 0.8079
F-statistic: 201.5 on 3 and 140 DF, p-value: < 2.2e-16
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DiD deaths adolescents and young adults

Night
Day

® nNight

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_death_y <-Tm(100000*death_j/Population ~ Night + Law + Night*

, data = did_dn)
> summary(model_death_y)

call:
Tm(formula = 1le+05 * death_j/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.027293 -0.005365 -0.001082 0.006483 0.038271

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 0.005365 0.001767 3.036 0.00286 **

Night 0.021929 0.002499 8.776 5.28e-15 ***

Law -0.001125 0.002499 -0.450 0.65322

Night:Law -0.008220 0.003534 -2.326 0.02145 *

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 * ’ 1

Residual standard error: 0.0106 on 140 degrees of freedom
Multiple R-squared: 0.4529, Adjusted R-squared: 0.4412
F-statistic: 38.63 on 3 and 140 DF, p-value: < 2.2e-16
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DiD deaths older adults

¢

[ -]

[}

n
I

Night
Day

® Night

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant:

model_death_a <-Tm(100000*death_a/Population ~ Night + Law + Night*

, data = did_dn)
> summary(model_death_a)

call:
Tm(formula = 1le+05 * death_a/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.0288135 -0.0105535 -0.0005926 0.0070909 0.0299518

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 0.016414 0.002213 7.418 1.04e-11 *%*=*

Night 0.031389 0.003129 10.031 < 2e-16 ***

Law -0.004745 0.003129 -1.516 0.1317

Night:Law -0.008567 0.004426 -1.936 0.0549 .

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.01328 on 140 degrees of freedom
Multiple R-squared: 0.549, Adjusted R-squared: 0.5394
F-statistic: 56.82 on 3 and 140 DF, p-value: < 2.2e-16
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DiD severe injuries adolescents and young adults

'

0.10-
+ Night

Day

® night

[_TI
1

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_severe_y <-1m(100000*severe_j/Population ~ Night + Law + Night*
aw, data = did_dn)
> summary(model_severe_y)

call:
Tm(formula = le+05 * severe_j/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.067421 -0.016813 -0.003535 0.015499 0.100655

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 0.032837 0.004235 7.754 1.66e-12 ***

Night 0.086746  0.005989 14.484 < 2e-16 ***

Law -0.004780 0.005989 -0.798 0.4261

Night:Law -0.019894 0.008470 -2.349 0.0202 *

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.02541 on 140 degrees of freedom
Multiple R-squared: 0.7122, Adjusted R-squared: 0.7061
F-statistic: 115.5 on 3 and 140 DF, p-value: < 2.2e-16
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DiD severe injuries older adults

0.15-
+ Night

Day

® Night

o

b

[ =]
1

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant:

model_severe_a <-1m(100000*severe_a/Population ~ Night + Law + Night*
aw, data = did_dn)
> summary(model_severe_a)

call:
Tm(formula = le+05 * severe_a/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.073062 -0.021467 0.001104 0.013880 0.101225

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 0.088250 0.005126 17.216 < 2e-16 **=*

Night 0.080100 0.007249 11.050 < 2e-16 ***

Law -0.020587 0.007249 -2.840 0.00519 ==

Night:Law -0.005907 0.010252 -0.576 0.56541

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.03076 on 140 degrees of freedom
Multiple R-squared: 0.6391, Adjusted R-squared: 0.6314
F-statistic: 82.65 on 3 and 140 DF, p-value: < 2.2e-16
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DiD less severe injuries adolescents and young adults
0.08 -

0.06- + Night

Day
) 04 - ® Night

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_Tlsevere_y <-1m(100000*1ess_severe_j/Population ~ Night + Law + Ni
ght* Law, data = did_dn)
> summary(model_Tsevere_y)

call:
Tm(formula = 1le+05 * less_severe_j/Population ~ Night + Law +
Night * Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.036713 -0.012820 -0.001099 0.009652 0.071875

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 0.024020 0.003359  7.152 4.36e-11 ***

Night 0.053263 0.004750 11.214 < 2e-16 ***

Law -0.006077 0.004750 -1.279 0.2029

Night:Law -0.012488 0.006717 -1.859 0.0651 .

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.02015 on 140 degrees of freedom
Multiple R-squared: 0.6033, Adjusted R-squared: 0.5948
F-statistic: 70.97 on 3 and 140 DF, p-value: < 2.2e-16
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DiD less severe injuries older adults

0.100-
Night
Day

® nNight

m
1

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant
@

model_Tlsevere_a <-1m(100000*1ess_severe_a/Population ~ Night + Law + Ni
ght* Law, data = did_dn)
> summary(model_Tsevere_a)

call:
Tm(formula = le+05 * Tess_severe_a/Population ~ Night + Law +
Night * Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.056826 -0.016355 -0.000487 0.013181 0.087064

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 0.052018 0.003953 13.160 < 2e-16 **=*

Night 0.056403 0.005590 10.090 < 2e-16 ***

Law -0.011594 0.005590 -2.074 0.03992 *

Night:Law -0.023184 0.007906 -2.933 0.00393 **

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.02372 on 140 degrees of freedom
Multiple R-squared: 0.5506, Adjusted R-squared: 0.541
F-statistic: 57.17 on 3 and 140 DF, p-value: < 2.2e-16
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DiD mild inuries adolescents and young adults

0 s ¢ Night
Day

)3- & night

Pre-Law Post-Law
Law

Mean monthly rate per 100.000 inhabitant

model_mild_y <-1m(100000*mild_j/Population ~ Night + Law + Night* Law,
data = did_dn)
> summary(model_mild_y)

call:
Tm(formula = 1le+05 * mild_j/Population ~ Night + Law + Night *
Law, data = did_dn)

Residuals:
Min 1Q Median 3Q Max
-0.227125 -0.041004 -0.005559 0.034310 0.220755

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 0.17388 0.01184 14.683 < 2e-16 ***

Night 0.36721 0.01675 21.925 < 2e-16 ***

Law -0.01877 0.01675 -1.121 0.264

Night:Law -0.11785 0.02369 -4.976 1.88e-06 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.07106 on 140 degrees of freedom
Multiple R-squared: 0.8419, Adjusted R-squared: 0.8385
F-statistic: 248.5 on 3 and 140 DF, p-value: < 2.2e-16
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DiD mild injuries older adults
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model_mild_a <-1m(100000*mild_a/Population ~ Night + Law + Night*

data = did_dn)
> summary(model_mild_a)

call:
Tm(formula = 1le+05 * mild_a/Population ~ Night + Law + Night
Law, data = did_dn)

oo
w

Residuals:
Min 1Q Median 3Q Max
-0.24157 -0.06318 -0.01198 0.07323 0.29610

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 0.33716 0.01578 21.363 < 2e-16 ***

Night 0.42208 0.02232 18.910 < 2e-16 *¥*

Law -0.01617  0.02232 -0.724 0.47000

Night:Law -0.10593 0.03157 -3.356 0.00102 **

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.0947 on 140 degrees of freedom
Multiple R-squared: 0.8048, Adjusted R-squared: 0.8007
F-statistic: 192.5 on 3 and 140 DF, p-value: < 2.2e-16
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Appendix IV

Regression discontinuity models without controls

Accidents adolescents and young adults at night

Deviance Residuals: ]
Min 1Q Median

3Q
-0.47238 -0.09058 -0.01340 0.09739 0.36389

Coefficients:
Estimate Sstd. Error t value
(Intercept) -7.313e-01 8.889e-01 -0.823

Fecha 1.219e-04 5.988e-05 2.036
Lawl -3.374e-01 7.577e-02 -4.453
Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*

(Dispersion parameter for gaussian family

Null deviance: 2.6352 on 71 degrees
Residual deviance: 1.7810 on 69 degrees
AIC: -54.037

Number of Fisher Scoring iterations:

Accidents older adults at night

call:
glm(formula =
Law, data rdd_dn)
Deviance Residuals:
Min 1Q Median

3Q
-0.95680 -0.12939 -0.01897 0.17687 0.58548

Coefficients:
Estimate Sstd. Error t value
(Intercept) -4.2108333 1.5252816 -2.761

Fecha 0.0004309 0.0001028 4.194
Lawl -0.6981714 0.1300197 -5.370
Signif. codes: 0 ‘***’ 0.001 “**’ 0.01 ‘*

(Dispersion parameter for gaussian family

Null deviance: 7.4992 on 71 degrees
Residual deviance: 5.2441 on 69 degrees
AIC: 23.719

Number of Fisher Scoring iterations: 2
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Deaths adolescents and young adults at night

call:

gIlm(formula = 1e+05 * death_j_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.027100 -0.012031 -0.001377 0.008514 0.038119

Coefficients:

Estimate std. Error t value Pr(>|t]|)
(Intercept) 1.738e-02 7.659e-02 0.227 0.821
Fecha 6.681e-07 5.160e-06 0.129 0.897
Lawl -1.008e-02 6.529e-03 -1.544 0.127

(Dispersion parameter for gaussian family taken to be 0.0001916248)

Null deviance: 0.014797 on 71 degrees of freedom
Residual deviance: 0.013222 on 69 degrees of freedom
AIC: -407.06

Number of Fisher Scoring iterations: 2

Deaths older adults

call:

gIlm(formula = 1e+05 * death_a_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.033110 -0.009743 -0.000924 0.008724 0.031071

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) 1.689%e-01 8.363e-02 2.019 0.0474 *

Fecha -8.159e-06 5.634e-06 -1.448 0.1521
Lawl -4.370e-03 7.129e-03 -0.613 0.5419
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.0002284681)
Null deviance: 0.019433 on 71 degrees of freedom

Residual deviance: 0.015764 on 69 degrees of freedom

AIC: -394.39

Number of Fisher Scoring iterations: 2
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Severe injuries adolescents and young adults at night

call:

glm(formula = 1le+05 * severe_j_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.067830 -0.022240 -0.003851 0.018903 0.100527

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 1.058e-01 1.722e-01 0.615 0.5409

Fecha 9.271e-07 1.160e-05 0.080 0.9365
Lawl -2.569e-02 1.468e-02 -1.750 0.0845 .
Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.0009687367)

Null deviance: 0.077808 on 71 degrees of freedom
Residual deviance: 0.066843 on 69 degrees of freedom
AIC: -290.38

Number of Fisher Scoring iterations: 2

Severe injuries older adults at night

call:

glm(formula = 1e+05 * severe_a_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.064714 -0.019423 0.000125 0.019946 0.099925

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) -2.542e-01 1.975e-01 -1.287 0.20237

Fecha 2.848e-05 1.330e-05 2.141 0.03584 *
Lawl -5.770e-02 1.683e-02 -3.428 0.00103 **
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1

(Dispersion parameter for gaussian family taken to be 0.001273844)
Null deviance: 0.106367 on 71 degrees of freedom

Residual deviance: 0.087895 on 69 degrees of freedom

AIC: -270.67

Number of Fisher Scoring iterations: 2
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Less severe injuries adolescents and young adults at night

call:
glm(formula

1
Law, data =

a rdd_dn)
Deviancg Residuals:

Min 1Q
-0.039007 -0.016826

Median
-0.004035

Coefficients:

Estimate Std. Error

(Intercept) 2.289%e-04 1.38le-01
Fecha 5.193e-06 9.306e-06
Lawl -2.426e-02 1.178e-02
Signif. codes: 0 ‘***’ (0,001 ‘**’

(Dispersion parameter for gaussian

0.049412
0.043014

on 71
on 69

Null deviance:
Residual deviance:
AIC: -322.12

Number of Fisher Scoring iteration

e+05 * less_severe_

j_noche/Population ~ Fecha +

Max

3Q
0.013745 0.072432

t value Pr(>|tl|)

0.002 0.9987
0.558 0.5786
-2.060 0.0432 *

0.01 “*’ 0.05 “. 1
family taken to be 0.0006233917)

> 0.1 ¢

degrees of freedom
degrees of freedom

s: 2

Less severe injuries older adults at night

call:
glm(formula
Law, data

le+05 * less_severe_
rdd_dn)

Deviance Residuals:
Min 1Q
-0.057686 -0.018327

Median
-0.002585

Coefficients:
Estimate Std.

(Intercept) 8.452e-02 1.546e-01
Fecha 1.611e-06 1.042e-05
Lawl -3.654e-02 1.318e-02
Signif. codes: 0 ‘***’ (0.001 **’

(Dispersion parameter for gaussian

0.075679
0.053890

on 71
on 69

Null deviance:
Residual deviance:
AIC: -305.89

3Q
0.016187

Error t value

a_noche/Population ~ Fecha +

Max
0.087480

Pri>|t])

0.58640

0.87755

0.00715 **

> 0.05 .7 0.1 1

family taken to be 0.0007810096)

0.547
0.155
-2.773

0.01 ‘=

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 2
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Mild injuries adolescents and young adults at night

call:

gIlm(formula = 1e+05 * mild_j_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.24882 -0.05516 -0.00983 0.06368 0.22539

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) -9.941e-02 4.889e-01 -0.203 0.839

Fecha 4.317e-05 3.294e-05 1.311 0.194
Lawl -1.839%e-01 4.168e-02 -4.413 3.67e-05 **=*
Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.007808972)

Null deviance: 0.88820 on 71 degrees of freedom
Residual deviance: 0.53882 on 69 degrees of freedom
AIC: -140.12

Number of Fisher Scoring iterations: 2

Mild injuries older adults at night

call:

gIlm(formula = 1e+05 * mild_a_noche/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.237749 -0.069316 -0.005027 0.072169 0.281542

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) -5.213e-01 6.006e-01 -0.868 0.3884

Fecha 8.631e-05 4.046e-05 2.133 0.0365 *
Lawl -2.167e-01 5.120e-02 -4.232 6.99e-05 #***
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1

(Dispersion parameter for gaussian family taken to be 0.0117847)
Null deviance: 1.13512 on 71 degrees of freedom

Residual deviance: 0.81314 on 69 degrees of freedom

AIC: -110.49

Number of Fisher Scoring iterations: 2
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Appendix V

Regression discontinuity models controlled for gender and area type

Accidents at night adolescents and young adults

(Bw 1y) (Bw 2 y) (Bw 3 y)

(Intercept) -1.404 -0.801 -0.651 *=
(1.288) (0.43D (0.215)

Date 0.000 0.000 0.000 *
(0.000) (0.000) (0.000)

Law -0.106 ** -0.094 #*=* -0.084 ***
(0.036) (0.024) (0.018)

Masculine 0.411 **=* 0.425 *** 0.427] ***
(0.022) (0.015) (0.011)

Urban 0.342 #%* 0.343 #%=* 0.344 *%x*
(0.025) (0.017) (0.013)

N 96 192 288

TogLik 100.013 206.042 330.169

AIC -188.026 -400.083 -648.337

**% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, Bandwidth 1 year, Bandwidth 2 years,

Accidents at night older adults

Bandwidth 3 years

(Bw 1 y) (Bw 2 y) (Bw 3 vy)

(Intercept) 0.546 -2.339 ** 22.397 ¥
(2.393) (0.800) (0.400)

Date -0.000 0.000 0.000 **=*
(0.000) (0.000) (0.000)

Law -0.113 -0.176 *¥*=* —0.175 ##=
(0.067) (0.045) (0.034)

Masculine 1.174 %% 1.237 *%* 1.228 ##x
(0.041) (0.027) (0.021)

Urban 0.948 #** 0.983 #*** 0.973 %%
(0.047) (0.032) (0.024)

N 96 192 288

TogLik 40.551 87.364 151.389

AIC -69.101 -162.729 -290.779

“** p < 0.001; ** p < 0.01; * p < 0.05.

Ccolumn names: names, Bandwidth 1 year, Bandwidth 2 years,
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Deaths at night adolescents and young adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)

(Intercept) 0.135 -0.013 0.002

(0.096) (0.032) (0.017)
Date -0.000 0.000 0.000

(0.000) (0.000) (0.000)
Law -0.000 -0.003 -0.003

(0.003) (0.002) (0.001)
Masculine 0.005 *=* 0.005 #*=* 0.005 **=*

(0.002) (0.001) (0.001)
Urban 0.002 0.000 0.000

(0.002) (0.001) (0.001)
N 96 192 288
TogLik 348.869 707 .165 1060.965
AIC -685.738 -1402.331 -2109.930

** p < 0.001; ** p < 0.01; * p < 0.05.

Ccolumn names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years

Deaths at night older adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)
(Intercept) 0.059 0.029 0.041
(0.105) (0.038) (0.021)
Date -0.000 -0.000 -0.000
(0.000) (0.000) (0.000)
Law -0.000 -0.001 -0.001
(0.003) (0.002) (0.002)
Masculine 0.010 **=* 0.012 *¥*= 0.012 **=*
(0.002) (0.001) (0.001L)
Urban -0.006 ** -0.006 *** -0.007 ***
(0.002) (0.002) (0.001)
N 96 192 288
TogLik 340.882 670.389 998.968
AIC -669.764 -1328.779 -1985.936
**% p < 0.001; ** p < 0.01; * p < 0.05.

Ccolumn names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years
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Severe injuries adolescents and young adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)

(Intercept) 0.000 0.048 -0.002
(0.171) (0.079) (0.041)

Date -0.000 -0.000 0.000
(0.000) (0.000) (0.000)

Law -0.005 -0.004 -0.006
(0.005) (0.004) (0.003)

Masculine 0.037 #%*=* 0.033 #%*%* 0.031 #*=*
(0.003) (0.003) (0.002)

Urban 0.025 #** 0.020 #** 0.017 #**
(0.003) (0.003) (0.002)

N 96 192 288

TogLik 293.768 531.531 806.449

AIC -575.537 -1051.062 -1600.899

**% p < 0.001; ** p < 0.01; * p < 0.05.

Ccolumn names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years

Severe injuries older adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)

(Intercept) -0.298 -0.173 -0.112 *
(0.248) (0.095) (0.050)

Date 0.000 0.000 0.000 *
(0.000) (0.000) (0.000)

Law -0.018 * -0.016 ** -0.014 #**
(0.007) (0.005) (0.004)

Masculine 0.058 **=* 0.060 #** 0.062 #**=*
(0.004) (0.003) (0.003)

Urban 0.029 #** 0.021 #** 0.024 #**
(0.005) (0.004) (0.003)

N 96 192 288

TogLik 258.114 496.532 751.782

AIC -504.229 -981.063 -1491.565

***%* p < 0.001; ** p < 0.01; * p < 0.05.

column names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years
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Less severe injuries adolescents and young adults

@) 2 3
(Intercept) -0.168 -0.022 -0.017
(0.195) (0.066) (0.034)
Date 0.000 0.000 0.000
(0.000) (0.000) (0.000)
Law -0.010 -0.007 -0.006 *
(0.005) (0.004) (0.003)
Masculine 0.022 *** 0.020 #¥*=* 0.019 ***
(0.003) (0.002) (0.002)
Urban 0.014 =** 0.010 #** 0.010 #**
(0.004) (0.003) (0.002)
N 96 192 288
TogLik 281.141 567.332 861.500
AIC -550.282 -1122.664 -1711.001
** p < 0.001; ** p < 0.01; * p < 0.05.

Ccolumn names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years

Less severe injuries older adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)
(Intercept) 0.009 -0.108 -0.004
(0.204) (0.070) (0.037)
Date -0.000 0.000 0.000
(0.000) (0.000) (0.000)
Law -0.010 -0.013 =* -0.009 *=*
(0.006) (0.004) (0.003)
Masculine 0.029 **=* 0.032 #%*=* 0.032 **=*
(0.003) (0.002) (0.002)
Urban 0.010 * 0.010 ##** 0.012 ===
(0.004) (0.003) (0.002)
N 96 192 288
TogLik 277.007 554.078 833.521
AIC -542.014 -1096.156 -1655.042

***%* p < 0.001; ** p < 0.01; * p < 0.05.

column names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years
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Mild injuries adolescents and young adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)

(Intercept) -0.929 -0.341 -0.203
(0.664) (0.236) (0.125)

Date 0.000 0.000 0.000
(0.000) (0.000) (0.000)

Law _0066 R _0053 R _0046 R
(0.018) (0.013) (0.011)

Masculine 0.153 #%** 0.157 #*%** 0.158 #***
(0.011) (0.008) (0.007)

Urban 0.128 #*%* 0.127 #%* 0.132 #%**
(0.013) (0.009) (0.008)

N 96 192 288

TogLik 163.669 321.638 485.619

AIC -315.337 -631.275 -959.239

#% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years

Mild injuries older adults

(Bw 1 y) (Bw 2 y) (Bw 3 y)

(Intercept) -0.227 -0.586 -0.484 **
(0.766) (0.301) (0.155)

Date 0.000 0.000 0.000 *
(0.000) (0.000) (0.000)

Law -0.049 = -0.059 #¥*=* -0.054 **=*
(0.021D) (0.017) (0.013)

Masculine 0.297 **=* 0.328 #*=* 0.330 **=*
(0.013) (0.010) (0.008)

Urban 0.229 #=%=* 0.250 #%** 0.251 #*=*
(0.015) (0.012) (0.009)

N 96 192 288

TogLik 149.918 275.359 425.348

AIC -287.836 -538.718 -838.696

***%* p < 0.001; ** p < 0.01; * p < 0.05.

column names: names, Bandwidth 1 year, Bandwidth 2 years, Bandwidth 3 years
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Appendix VI
Regression discontinuity models with dates as quarters

Accidents adolescents and young adults

@) 2 3
(Intercept) -57.503 -29.541 -22.729 *
(59.330) (20.807) (10.548)
Quarter 0.028 0.015 0.011 =
(0.029) (0.010) (0.005)
Law -0.105 ** -0.093 #*** -0.085 *#*
(0.034) (0.024) (0.018)
Masculine 0.411 *** 0.425 #*** 0.421 #***
(0.022) (0.015) (0.011D)
Urban 0.342 #*** 0.343 ##** 0.344 #**
(0.025) (0.017) (0.013)
N 96 192 288
TogLik 100.040 206.031 330.226
AIC -188.080 -400.061 -648.452
**% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

Accidents older adults

€D) @) 3)

(Intercept) 56.936 -70.256 77 .389 %%
(110.265) (38.658) (19.656)

Quarter -0.029 0.035 0.038 #***
(0.055) (0.019) (0.010)

Law -0.115 -0.17Q #*=* 20,171
(0.064) (0.045) (0.034)

Masculine 1.174 #** 1.237 *%* 1228w
(0.041) (0.028) (0.021)

Urban 0.948 =% 0.983 #**=* 0.973 *%x*
(0.047) (0.032) (0.024)

N 96 192 288

TogLik 40.542 87.093 150.972
AIC -69.084 -162.186 -289.945

JORONN
WHRW

p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3
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Deaths adolescents and young adults

@D) 2 (3
(Intercept) 8.515 -0.190 0.108
(4.398) (1.531) (0.834)
Quarter -0.004 0.000 -0.000
(0.002) (0.001D) (0.000)
Law 0.001 -0.003 -0.002
(0.003) (0.002) (0.001)
Masculine 0.005 ** 0.005 *%%* 0.005 ***
(0.002) (0.001) (0.001)
Urban 0.002 0.000 0.000
(0.002) (0.001D) (0.001)
N 96 192 288
TogLik 349.830 707.025 1060.962
AIC -687.659 -1402.051 -2109.924
** p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

Deaths older adults

@D 2 (3
(Intercept) 2.274 1.082 1.634
(4.828) (1.852) (1.034)
Quarter -0.001 -0.001 -0.001
(0.002) (0.001) (0.001)
Law -0.000 -0.001 -0.001
(0.003) (0.002) (0.002)
Masculine 0.010 #** 0.012 #** 0.012 #**
(0.002) (0.001) (0.001D)
Urban -0.006 ** -0.006 *** -0.007 #**
(0.002) (0.002) (0.001)
N 96 192 288
TogLik 340.883 670.434 999.167
AIC -669.766 -1328.867 -1986.334
***%* p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

97



Severe injuries adolescents and young adults

D 2 3
(Intercept) -1.350 1.741 -0.298
(7.885) (3.821) (2.019)
Quarter 0.001 -0.001 0.000
(0.004) (0.002) (0.001)
Law -0.005 -0.005 -0.007
(0.005) (0.004) (0.003)
Masculine 0.037 #*%** 0.033 #%** 0.031 #*%**
(0.003) (0.003) (0.002)
Urban 0.025 *%** 0.020 *** 0.017 ***
(0.003) (0.003) (0.002)
N 96 192 288
TogLik 293.781 531.438 806.457
AIC -575.563 -1050.876 -1600.914
“*¥% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

Severe injuries older adults

@D 2 (3
(Intercept) -13.762 -8.477 -5.276 *
(11.427) (4.580) (2.440)
Quarter 0.007 0.004 0.003 =
(0.006) (0.002) (0.001)
Law -0.018 ** -0.017 ** -0.014 ***
(0.007) (0.005) (0.004)
Masculine 0.058 *** 0.060 #*** 0.062 #***
(0.004) (0.003) (0.003)
Urban 0.029 *** 0.021 #*** 0.024 #%**
(0.005) (0.004) (0.003)
N 96 192 288
TogLik 258.168 496.653 751.848
AIC -504.336 -981.306 -1491.697
**% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3
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Less severe injuries adolescents and young adults

D 2 3
(Intercept) -11.969 -2.152 -1.198
(8.943) (3.167) (1.667)
Quarter 0.006 0.001 0.001
(0.004) (0.002) (0.001)
Law -0.012 =* -0.008 * -0.006 *
(0.005) (0.004) (0.003)
Masculine 0.022 #*** 0.020 #*** 0.019 *%**
(0.003) (0.002) (0.002)
Urban 0.014 *** 0.010 *** 0.010 ***
(0.004) (0.003) (0.002)
N 96 192 288
TogLik 281.696 567.496 861.600
AIC -551.391 -1122.991 -1711.200
“*¥% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

Less severe injuries older adults

(D (2) (3
(Intercept) -1.108 -5.134 -0.196
(9.390) (3.398) (1.838)
Quarter 0.001 0.003 0.000
(0.005) (0.002) (0.001)
Law -0.011 -0.012 *=* -0.009 *=*
(0.005) (0.004) (0.003)
Masculine 0.029 #*** 0.032 **%* 0.032 #***
(0.003) (0.002) (0.002)
Urban 0.010 * 0.010 *¥** 0.012 *%**
(0.004) (0.003) (0.002)
N 96 192 288
TogLik 277.014 553.969 833.514
AIC -542.028 -1095.937 -1655.028
“¥% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3
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Mild injuries adolescents and young adults

D @) 3
(Intercept) -43.667 -14.712 -8.116
(30.537) (11.396) (6.149)
Quarter 0.022 0.007 0.004
(0.015) (0.006) (0.003)

Law _0067 fhN _0053 EoR _0046 Fe kR
(0.018) (0.013) (0.011D)

Masculine 0.153 #*=* 0.157 #¥*=* 0.158 #*=*
(0.011D) (0.008) (0.007)

Urban 0.128 **=* 0.127 #%* 0.132 *%=*
(0.013) (0.009) (0.008)

N 96 192 288

TogLik 163.802 321.625 485.662
AIC -315.604 -631.250 -959.324

*%% p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3

Mild injuries older adults

@D 2 (3)
(Intercept) -3.962 -17.988 -15.152 *
(35.289) (14.521) (7.587)
Quarter 0.002 0.009 0.007 *
(0.018) (0.007) (0.004)
Law -0.049 * -0.056 #*** -0.053 #*=
(0.021) (0.017) (0.013)
Masculine 0.297 *** 0.328 *** 0.330 #**
(0.013) (0.010) (0.008)
Urban 0.229 #%** 0.250 #%** 0.251 #%**
(0.015) (0.012) (0.009)
N 96 192 288
TogLik 149.917 275.089 425.141
AIC -287.834 -538.177 -838.283

OO
WHRW

p < 0.001; ** p < 0.01; * p < 0.05.

Column names: names, modell, model2, model3
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Appendix VII

Three-Way interactions

TWI <- Im(Accident_rate ~ Law * Night * Adult, data = monthlyxage)
> summary (TwI)

call:
Tm(formula = Accident_rate ~ Law * Night * Adult, data = monthlyxage)
Residuals:

Min 1Q Median 3Q Max

-2.48544 -0.31809 -0.01041 0.37423 1.99467

Coefficients: ]
Estimate Std. Error t value Pr(>|t])

(Intercept) 1.852782 0.098695 18.773 < 2e-16 ***

Law -0.067917 0.139576 -0.487 0.6269

Night 3.996664 0.139576 28.634 < 2e-16 ***
Adult -0.129965 0.139576 -0.931 0.3526
Law:Night -0.905731 0.197391 -4.589 6.74e-06 ***
Law:Adult -0.003461 0.197391 -0.018 0.9860
Night:Adult -2.039958 0.197391 -10.335 < 2e-16 ***
Law:Night:Adult 0.517352 0.279153 1.853 0.0649 .
Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

Residual standard error: 0.5922 on 280 degrees of freedom
Multiple R-squared: 0.8705, Adjusted R-squared: 0.8673
F-statistic: 269 on 7 and 280 DF, p-value: < 2.2e-16

TWId <- Tm(Death_rate ~ Law * Night * Adult, data = monthlyxage)
> summary(TwId)

call:
Tm(formula = Death_rate ~ Law * Night * Adult, data = monthlyxage)
Residuals:

Min 1Q Median 3Q Max

-0.148084 -0.023728 -0.001673 0.018895 0.216867

Coefficients: )
Estimate Sstd. Error t value Pr(>|t])

(Intercept) 0.029108 0.007346 3.962 9.43e-05 #***

Law -0.005380 0.010390 -0.518 0.60500

Night 0.118977 0.010390 11.452 < 2e-16 ***
Adult -0.001431 0.010390 -0.138 0.89058
Law:Night -0.042728 0.014693 -2.908 0.00393 **
Law:AduTlt -0.003059 0.014693 -0.208 0.83524
Night:Adult -0.066020 0.014693 -4.493 1.03e-05 #**=*
Law:Night:Adult 0.027337 0.020779 1.316 0.18939

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1

Residual standard error: 0.04408 on 280 degrees of freedom
Multiple R-squared: 0.4942, Adjusted R-squared: 0.4816
F-statistic: 39.08 on 7 and 280 DF, p-value: < 2.2e-16
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> TWIs <- Im(Severe_rate ~ Law * Night * Adult, data
> summary (TWIs)

call:
Tm(formula = Severe_rate ~ Law * Night * Adult, data
Residuals:

Min 1Q Median 3Q Max

-0.36470 -0.05174 0.00090 0.04584 0.55077

Coefficients:

monthTlyxage)

monthlyxage)

Estimate Std. Error t value Pr(>|t])
10.195 Wk

(Intercept) 0.17813 0.01747 < 2e-16

Law -0.02208 0.02471 -0.894 0.37230
Night 0.47069 0.02471 19.049 < 2e-16 #***
Adult -0.02931 0.02471 -1.186 0.23651
Law:Night -0.09774 0.03494 -2.797 0.00552 **
Law:Adult -0.01539 0.03494 -0.440 0.66007
Night:Adult -0.33564 0.03494 -9.605 < 2e-16 ***
Law:Night:Adult 0.08468 0.04942 1.713 0.08774 .

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’

Residual standard error: 0.1048 on 280 degrees of fre

0.1 1

edom

Multiple R-squared: 0.7604, Adjusted R-squared: 0.7544

F-statistic: 127 on 7 and 280 DF, p-value: < 2.2e-

> TWITs <- Tm(Less_Severe_rate ~ Law * Night * Adult,
e)
> summary(TwWITs)

call:
Tm(formula = Less_Severe_rate ~ Law * Night * Adult,

Residuals:
Min 1Q Median 3Q Max
-0.20139 -0.03917 -0.00550 0.02873 0.39734

Coefficients:

16

data = monthlyxag

data = monthlyxage

Estimate Sstd. Error t value Pr(>|t|) N

(Intercept) 0.130402 0.013856 9.412 < 2e-16

Law -0.030403 0.019595 -1.552 0.1219
Night 0.289052 0.019595 14.752 < 2e-16 ***
Adult -0.042674 0.019595 -2.178 0.0303 *
Law:Night -0.061855 0.027711 -2.232 0.0264 *
Law:Adult 0.009174 0.027711 0.331 0.7409
Night:Adult -0.193931 0.027711 -6.998 1.92e-11 *¥**
Law:Night:Adult 0.021424 0.039189 0.547 0.5850
Signif. codes: 0 ‘*¥**’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’

Residual standard error: 0.08313 on 280 degrees of fr

0.1 1

eedom

Multiple R-squared: 0.6771, Adjusted R-squared: 0.669

F-statistic: 83.88 on 7 and 280 DF, p-value: < 2.2e-

> TWIm <- Tm(Mild_rate ~ Law * Night * Adult, data
> summary (TwIm)

call:
Tm(formula = Mild_rate ~ Law * Night * Adult, data
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Residuals:
Min 1Q Median

-1.24108 -0.13712 -0.02085 O.

Coefficients:

Estimate Std.
(Intercept) 0.94338 0
Law -0.07800 0
Night 1.99228 0
Adult -0.37509 0
Law:Night -0.60176 0
Law:Adult 0.03769 0
Night:Adult -1.28055 0
Law:Night:Adult 0.41031 0

Signif. codes: 0 ‘***’ 0.001

3Q
14446

Error

.04981
.07045
.07045
.07045
.09963
.09963
.09963
.14090

Max

1.19282

t value Pr(>|t|)
.938 < 2e-16 ***
.107 0.26917
.280 < 2e-16 ***

18
-1
28
-5
-6
0
-12
2

“xx%7 0,01

.324 2.08e-07 *

.040 4.89e-09 #*#=
.378 0.70547

.853 < 2e-16 ***
.912 0.00388 =*=*

‘% 0.05 ‘.

> 0.1 ¢

Residual standard error: 0.2989 on 280 degrees of freedom
Adjusted R-squared:

Multiple R-squared: 0.8801,

F-statistic: 293.6 on 7 and 280 DF,

0.8771

p-value: < 2.2e-16
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Appendix VI

RDD daily events

Daily accidents adolescents and younger adults

.
f

1 Law Implementation
- 0
e 1

|}

Monthly rate per 100.000 inhabitants

=1
]

2010 2012 2014
Year

call:
gIlm(formula = 1le+05 * Accidente_joven_dia/Population ~ Fecha +
Law, data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.180941 -0.046271 -0.009712 0.038568 0.222934

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) -2.606e-01 4.496e-01 -0.580 0.5641

Fecha 4.058e-05 3.029e-05 1.340 0.1848
Lawl -6.588e-02 3.833e-02 -1.719 0.0901 .
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.006604576)
Null deviance: 0.47582 on 71 degrees of freedom

Residual deviance: 0.45572 on 69 degrees of freedom

AIC: -152.18

Number of Fisher Scoring iterations: 2
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Daily deaths adolescents and younger adults

0.015-

Law Implementation
0

0.010- = 4

Monthly rate per 100.000 inhabitants

0.000-

2010 2012 2014

call:
glm(formula = 1le+05 * death_jdia/Population ~ Fecha + Law, data = rdd_d

n)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.0058362 -0.0045553 0.0000545 0.0017486 0.0187206

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) -7.747e-03 3.333e-02 -0.232 0.817
Fecha 8.837e-07 2.245e-06 0.394 0.695
Lawl -2.094e-03 2.841e-03 -0.737 0.464

(Dispersion parameter for gaussian family taken to be 3.628795e-05)
Null deviance: 0.0025323 on 71 degrees of freedom

Residual deviance: 0.0025039 on 69 degrees of freedom

AIC: -526.87

Number of Fisher Scoring iterations: 2
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Daily severe injuries adolescents and younger adulis

0.100-

l

o

=

@
'

Monthly rate per 100.000 inhabitants

0.000-

2010

2
Year

call:

glm(formula = 1e+05 * severe_j_dia
data = rdd_dn)

Deviance Residuals:
Min 1Q
-0.032488 -0.011296

Median
-0.001626

Coefficients:

Estimate Std. Error

(Intercept) 2.210e-01 9.964e-02
Fecha -1.268e-05 6.712e-06
Lawl 9.122e-03 8.494e-03

Signif. codes: 0 ‘***’ 0.001 ‘**’
(Dispersion parameter for gaussian

0.023948
0.022378

on 71
on 69

Null deviance:
Residual deviance:
AIC: -369.17

Number of Fisher Scoring iteration

Law Implementation

0
e 1

/Population ~ Fecha + Law,

3Q
0.008392

Max
0.063803

t value Pr(>|t|)

2.218 0.0298 *
-1.890 0.0630 .
1.074 0.2866

0.01 “*” 0.05 “.” 0.1 °
family taken to be 0.0003243251)

1
degrees of freedom

degrees of freedom

s: 2
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Daily less severe injuries adolescents and younger adults
0.06 -

=
=
=

Law Implementation

0
e 1

Monthly rate per 100.000 inhabitants
51

2010 2012 2014
Year

call:
glm(formula = 1le+05 * less_severe_j_dia/Population ~ Fecha +
Law, data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.024620 -0.011236 -0.001343 0.005265 0.033631

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) -6.802e-03 7.771e-02 -0.088 0.930
Fecha 2.077e-06 5.235e-06 0.397 0.693
Lawl -8.354e-03 6.624e-03 -1.261 0.212

(Dispersion parameter for gaussian family taken to be 0.0001972569)
Null deviance: 0.014306 on 71 degrees of freedom

Residual deviance: 0.013611 on 69 degrees of freedom

AIC: -404.97

Number of Fisher Scoring iterations: 2
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Daily mild injuries adolescents and younger adults

0.25-

0.20-

Law Implementation
[ 0

e e 1

0.15- e

Monthly rate per 100.000 inhabitants
1

0.10-

2010 2012 2014
Year

call:
g;m(formu1a = 1le+05 * mild_j_dia/Population ~ Fecha + Law, data = rdd_d
n

Deviance Residuals:
Min 1Q Median 3Q Max
-0.106845 -0.031886 -0.005346 0.024596 0.118739

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) -5.289%e-02 2.605e-01 -0.203 0.840
Fecha 1.528e-05 1.755e-05 0.871 0.387
Lawl -3.552e-02 2.220e-02 -1.600 0.114

(Dispersion parameter for gaussian family taken to be 0.00221657)
Null deviance: 0.16097 on 71 degrees of freedom

Residual deviance: 0.15294 on 69 degrees of freedom

AIC: -230.79

Number of Fisher Scoring iterations: 2
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Daily accidents older adults

12- Law Implementation

& 1

Monthly rate per 100.000 inhabitants

_~

2010 2012 2014
Year

call:
gIlm(formula = 1le+05
data = rdd_dn)

*

Accidente_a_dia/Population ~ Fecha + Law,

Deviance Residuals:
Min 1Q Median 3Q Max
-0.53392 -0.10853 -0.01067 0.13582 0.60047

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) -2.619e+00 1.056e+00 -2.480 0.015588 *

Fecha 2.454e-04 7.114e-05  3.449 0.000962 ***
Lawl -2.870e-01 9.002e-02 -3.189 0.002150 **
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1

(Dispersion parameter for gaussian family taken to be 0.03643176)
Null deviance: 2.9531 on 71 degrees of freedom

Residual deviance: 2.5138 on 69 degrees of freedom

AIC: -29.224

Number of Fisher Scoring iterations: 2
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Daily deaths older adults

0.04-

Law Implementation
0

0.02- e 1

0.01- \

2010 2012 2014
Year

Monthly rate per 100.000 inhabitants

call:
31?(formu1a = le+05 * death_a_dia/Population ~ Fecha + Law, data = rdd_
n

Deviance Residuals:
Min 1Q Median 3Q Max
-0.016316 -0.008031 -0.001769 0.005665 0.030813

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) 1.093e-01 6.014e-02 1.817 0.0736 .

Fecha -6.257e-06 4.051e-06 -1.544 0.1271
Lawl 2.113e-03 5.126e-03 0.412 0.6815
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.0001181511)
Null deviance: 0.0088395 on 71 degrees of freedom

Residual deviance: 0.0081524 on 69 degrees of freedom

AIC: -441.87

Number of Fisher Scoring iterations: 2
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Daily severe injuries older adults

o

]

=}

Law Implementation

0
e 1

=
=
@

e

Monthly rate per 100.000 inhabitants

2010 2012 2014
Year

call:

glm(formula = 1le+05 * severe_a_dia/Population ~ Fecha + Law,
data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.03855 -0.01771 0.00092 0.01312 0.06119

Coefficients:
Estimate Std. Error t value Pr(>|t]|)
(Intercept) 6.506e-02 1.310e-01 0.497 0.6210

Fecha 1.563e-06 8.824e-06 0.177 0.8600
Lawl -2.230e-02 1.117e-02 -1.997 0.0498 *
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ 1

(Dispersion parameter for gaussian family taken to be 0.0005604952)
Null deviance: 0.046320 on 71 degrees of freedom

Residual deviance: 0.038674 on 69 degrees of freedom

AIC: -329.78

Number of Fisher Scoring iterations: 2

111



Daily less severe injuries older adults

0.100-

Law Implementation

0

1
uo3al-

Monthly rate per 100.000 inhabitants

0.025-

2010 2012 2014
Year

call:
gIlm(formula = 1e+05 * less_severe_a_dia/Population ~ Fecha +
Law, data = rdd_dn)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.041730 -0.011717 0.000263 0.009933 0.050807

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) 4.906e-03 1.048e-01 0.047 0.9628

Fecha 3.175e-06 7.062e-06 0.450 0.6544
Lawl -1.507e-02 8.935e-03 -1.687 0.0961 .
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 “ ’ 1

(Dispersion parameter for gaussian family taken to be 0.0003589511)
Null deviance: 0.027260 on 71 degrees of freedom

Residual deviance: 0.024768 on 69 degrees of freedom

AIC: -361.86

Number of Fisher Scoring iterations: 2
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Daily mild injuries older adults

=
.
[

Law Implementation

0
1

M onthly ra_te per 100.000 \nhabit_ants

02-

2010 2012 2014
Year

call:
gIlm(formula = 1e+05 * mild_a_dia/Population ~ Fecha + Law, data = rdd_d

n)

Deviance Residuals:
Min 1Q Median 3Q Max
-0.147759 -0.050150 0.004656 0.056355 0.129098

Coefficients:
Estimate std. Error t value Pr(>|t]|)
(Intercept) -7.253e-01 3.950e-01 -1.836 0.07066 .

Fecha 7.161e-05 2.661e-05 2.691 0.00894 **
Lawl -9.465e-02 3.367e-02 -2.811 0.00643 **
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * ’ 1

(Dispersion parameter for gaussian family taken to be 0.005098217)
Null deviance: 0.39339 on 71 degrees of freedom

Residual deviance: 0.35178 on 69 degrees of freedom

AIC: -170.82

Number of Fisher Scoring iterations: 2
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