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How Do People React to Income-Based Fines?
Evidence from Speeding Tickets Discontinuities

Abstract

This paper studies the impact of income-based criminal punishments on crime. In Finland,
speeding tickets become income-dependent if the driver’s speed exceeds the speeding limit by
more than 20 km/h, leading to a substantial jump in the size of the speeding ticket. Contrary to
predictions of a traditional Becker model, individuals do not bunch below the fine hike. Instead,
the speeding distributions are smooth at the cutoff. However, I demonstrate that the size of the
realized speeding ticket has sizable but short-lived impacts on reoffending ex-post. I use a
regression discontinuity design to show that fines that are 200 euros larger decrease reoffending
by 15 percent in the following six months. After 12 months, the effect disappears. My empirical
results are consistent with an explanation that people operate under information frictions. To
illustrate this, I construct a Becker model with misperception and learning that can explain all the
empirical findings.
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1 Introduction

One of the primary roles of government is to deter people from committing actions that cause
harm to others. For example, since traffic accidents are the most common unnatural cause
of death globally (WHO, 2017), governments worldwide use speeding tickets to discourage
drivers from driving at speeds that pose a danger to others. Economic theory suggests that
all else equal, increasing the severity of punishment, such as the size of speeding tickets,
should decrease criminal activity (Becker, 1968). However, empirical tests yield mixed
results on this key theoretical prediction (Chalfin and McCrary, 2017).

This paper studies the impact of punishment severity on crime using high-quality register
data and a unique context where the magnitude of fines increases with a person’s income.
Specifically, in Finland, fines become income-dependent if the driver’s speed exceeds the
speeding limit by more than 20 km/h. Fines are allowed to increase without an upper limit
at the cutoff. This policy means that high-income drivers have a substantial incentive to
slow and bunch below the income-based threshold, since failing to avoid the income-based
cutoff can be very expensive. For example, in 2019, the Police assigned NHL ice hockey
player Rasmus Ristolainen an income-based speeding ticket equal to approximately 120,000
euros.!

The first key result of the paper is that individuals ignore the vast discontinuous jumps
in the severity of the punishment. This directly contradicts the seminal model of Becker
(1968), which predicts that people should react to discontinues in the price of speeding at
the 20 km/h cutoff by slowing down and bunching just below the income-based fine cutoff.
Specifically, working with the Police in Finland, I obtained detailed police speeding ticket
data which I link to administrative tax data. Using this data, I find zero excess mass below
the income-based fine cutoff in the speeding distributions. Surprisingly, even high-income
drivers fail to bunch below the cutoff, even though they face a considerable incentive to
avoid the income-based fine.

The rest of the paper focuses on understanding why people ignore this stark discontinuity
in punishments. I propose two potential explanations that could attenuate individuals’
reactions to incentives, both of which have been previously applied in other non-crime
contexts (Chetty, 2012; Kleven and Waseem, 2013). First, I examine the possibility of
information frictions: drivers are unaware of the details of the system, leading to sub-optimal
speed decisions around the cutoff. Second, I consider the possibility of adjustment costs

that cause individuals not to react to the cutoff. The adjustment costs explanation posits

!Finnish and international media frequently cover the Finnish income-based fine system. See, for example,
articles by The New York Times and The Atlantic


https://www.nytimes.com/2015/04/26/world/europe/speeding-in-finland-can-cost-a-fortune-if-you-already-have-one.html
https://www.theatlantic.com/ideas/archive/2022/02/traffic-tickets-income-adjustment-rich/621452/

that individuals operate under perfect information but neglect the cutoff since optimization
is mentally too costly relative to the expected punishment.

Both of these possible frictions can generate smooth speed distributions around the
discontinuity ez-ante, but the two friction types imply very different predictions on how
realized fines should affect recidivism ez-post. If individuals react to a realized fine, then
this reaction suggests imperfect information, with individuals learning from the punishment.
In contrast, under the adjustment cost story, the experienced fine should not change an
individual’s behavior since the ticket is just a realization of a rational bet.

The second main result of the paper is that people do react to the severity of realized
punishments ex-post. Since the speeding distributions are continuous at the cutoff, I use a
regression discontinuity design (RDD) to study how larger realized fines, due to the income-
based system, affect reoffending. According to my RDD estimates, individuals assigned
larger fines due to the income-based fine system are less likely to commit another traffic
offense in the short term. The impact of larger fines on reoffending peaks around 4-8
months after the income-based fine. Those assigned, on average, a 200 euro larger fine
are approximately 2-3 percentage points less likely to commit another traffic crime in the
following 4-8 months. Compared to the average speeding behavior of the speeders who
receive a smaller fixed fine, this estimate implies a 15-20 percent reduction in recidivism.
In addition, reoffenders’ speeding distributions evolve smoothly at the income-based fine
cutoff. Hence, larger fines trigger an extensive margin response.

The RDD results lead to two conclusions. First, they suggest that individuals learn
from punishments, implying that information frictions at least partly cause the smooth
distribution around the discontinuity. Second, this learning response results in less speeding
in the short term after fines are realized, but the fine hikes do not provide deterrence ex-ante.

Further, my results indicate that the drivers’ learning experience increases with the size
of the realized fine. I show that high-income individuals receiving larger fines at the income-
based cutoff are less likely to reoffend in the short term than low-income individuals receiving
smaller fines. To do this, I study how the RDD estimates differ by income quartiles. The
fine jumps by around 50 (550) euros in the bottom (top) income category. For cumulative
reoffending over six months, the point estimate is close to zero (0.1 pp.) for the bottom
quartile, while in the top quartile the point estimate of -4.5 pp. is double the main estimate.
In addition, the different income quartile groups respond similarly to small fixed-fine jumps.
This suggests that the high-income individuals’ stronger reaction to larger fines is mainly
because of the larger fines and not because low- and high-income drivers differ on some

other dimension.



Lastly, my RDD results show that the impact of the larger fine on recidivism fades out
over time. The effect of larger fines disappears 12 months after the initial speeding incident.
This result suggests that despite the heftier fines leading to a substantial short-term learning
reaction, drivers seem to forget in the long run.

What model could simultaneously explain smooth speeding distributions, reactions to
realized fines, and long-run fade-out in the effect of fines? To rationalize these findings, in
the last part of the paper, I construct a Becker model with misspecification and learning
to capture drivers’ behavior. The model builds on the idea that if individuals find pricing
schemes too complex to understand, they may use the so-called ”ironing” heuristic, where
people approximate marginal prices with average prices (Rees-Jones and Taubinsky, 2019).
Drawing from this insight, I assume that drivers find the actual penalty function too com-
plex. Therefore, they make speeding decisions using a rule of thumb that the speeding
ticket increases linearly with speed. Based on their speed, drivers may receive a fine. If the
fine is larger than predicted, they conclude that the relationship between speed and fine is
steeper than expected and update their beliefs accordingly.

I show that this Becker model with misperception and learning rationalizes all my em-
pirical findings. First, the ”ironing” heuristic causes drivers to ignore the fine discontinuity,
leading to a smooth speeding distribution. Second, due to the jump in the true penalty
function, drivers may receive larger fines than they expected. This steepens their linearized
penalty function and reduces speeding in the next period. Furthermore, the larger the true
discontinuity in the fine, the more significant the driver’s reaction ez-post. Finally, I show
that when individuals learn with the misspecified model, there are drivers whose beliefs and
actions do not converge but follow cycles.? This is consistent with the fade-out over time
of the impact of receiving a larger than expected fine at the discontinuity.

My paper contributes to several strands of economics literature. One of the key questions
in the economics of crime is how punishments deter crime. However, the literature that
studies the impact of punishment severity on crime is mixed (Chalfin and McCrary, 2017).3
Lee and McCrary (2017) shows that individuals barely react to the discontinuous increase
in the punishment at age 18.* In contrast, Traxler et al. (2018) provides evidence that

people react to speeding ticket notches in Germany. I add to this literature by showing that

2 An extensive theoretical literature studies learning when an individual’s model is misspecified ( see, for
example, Berk (1966), Bohren and Hauser (2021), Esponda and Pouzo (2016), Heidhues et al. (2018), or
Nyarko (1991)).

3For example, sentence enhancements for a specific crime or group of individuals notably affect crime
(Bell et al., 2014; Drago et al., 2009; Helland and Tabarrok, 2007). The evidence on the impact of capital
punishment on crime is inconclusive (Chalfin and McCrary, 2017).

“Lee and McCrary (2017) suggests that the missing reaction arises from myopia. Hjalmarsson (2008)
provides evidence that misperception could explain the findings. In contrast, Arora (2019) argues that Lee
and McCrary (2017) ignores dynamic effects that might be substantial.



individuals may completely ignore the discontinuous changes in the punishment severity
due to information frictions.” This knowledge about the nature of frictions attenuating
individuals’ responses to punishments is crucial for designing efficient policies to prevent
illegitimate actions, such as excessive speeding. The expected punishment may be too low
if adjustment costs mute individuals’ responses. If, on the other hand, people misperceive
the punishment system, the penalty scheme should be more salient to be effective.

Second, I contribute to the literature investigating how the realized punishments deter
recidivism (Gehrsitz, 2017; Hansen, 2015; Finlay et al., 2023).° The most closely related
papers to mine are by Dusek and Traxler (2022) and Goncalves and Mello (2023).” Dusek
and Traxler (2022) finds that speeding tickets reduce reoffending at an extensive margin
(no ticket vs. ticket) but not at an intensive margin (low vs. high ticket). In contrast,
Goncalves and Mello (2023) observe that a speeding ticket hike decreases future speeding
at the intensive margin. I add to these papers by showing that speeding ticket increases
may reduce future speeding at the intensive margin, but the fine must be hefty enough.

Further, my paper is the first to investigate the consequences of an income-based pun-
ishment system. Although fines may deter crime, previous evidence indicates that fixed
financial penalties may cause financial distress among disadvantaged groups (Mello, 2023;
Kessler, 2020). My findings suggest that the government can employ income-based fines to
reduce short-term recidivism among high-income individuals without exacerbating financial
strain on those with lower incomes.

My paper also relates to the literature studying individuals’ reactions to discontinuities
in the choice sets and the role of optimization frictions (for a review, see. Kleven (2016)). A
common finding is that discontinuities, for example, in tax rates, produce evident bunching
responses (Bastani and Selin, 2014; Chetty et al., 2011; Saez, 2010; Kleven and Waseem,
2013; Harju et al., 2019). However, these bunching reactions often translate into small
elasticities due to optimization frictions. I contribute to this literature by documenting
that people may completely ignore substantial price jumps due to information friction but
learn from price signals. This evidence is consistent with the findings in other contexts that

people do not use marginal prices in decision-making (Rees-Jones and Taubinsky, 2019;

5This result aligns with research showing that people struggle to adjust to discontinuous changes in
incentives (Saez, 2010; Kleven and Waseem, 2013; Kostgl and Myhre, 2021; Chetty et al., 2013).

SCriminologists characterize this reaction as a ”specific deterrence” effect (Doleac, 2017). In contrast,
economists often describe such behavior as information updating (Chalfin and McCrary, 2017). Identifying
specific deterrence effects is a challenge since punishments may impact recidivism through other channels,
such as peer effects. Papers on prison sentences especially capture the impact of multiple mechanisms, not
just specific deterrence. Thus, the effects vary greatly with context. For instance, Aizer and Doyle (2015)
and Mueller-Smith (2014) find that incarceration increases recidivism, whereas Bhuller et al. (2020) and
Rose and Shem-Tov (2021) find that incarceration decreases reoffending.

"Other notable papers that study learning in the context of crime and law enforcement are by Banerjee
et al. (2019), Philippe (2022), Rincke and Traxler (2011), Drago et al. (2020) Lochner (2007).



Kostgl and Myhre, 2021; Ito, 2014).

My findings have implications for policies on criminal sanctions. Previous research has
highlighted the importance of speed limits and law enforcement in maintaining traffic safety
(Bauernschuster and Rekers, 2022; DeAngelo and Hansen, 2014; van Benthem, 2015). My
results suggest larger speeding tickets at the intensive margin curb excessive and dangerous
speeding. However, fines may work efficiently and have persistent effects only if the fine
schedule is sufficiently salient and individuals receive frequent reminders. In particular, my
results indicate that enforcement may need to be more aggressive and frequent to internalize
the negative externalities of speeding than a simple Becker model would predict. This
result could also hold more broadly for other types of criminal activity, and thus, this paper
provides a more complex model that I show can more accurately reflect choices in the real
world.

The remainder of the paper is organized as follows. Section 2 provides institutional
details and describes the data. Section 3 shows the speeding distribution. Section 4 inves-
tigates whether the size of the speeding ticket impacts recidivism. Section 5 introduces a

framework that seeks to rationalize my findings, and Section 6 concludes.

2 Institutional Setting and Data

Speeding is a common crime. In Finland, 35 percent of crimes reported to the police are
speeding incidents (See Appendix Figure A.1). These offenses are taken seriously across the
world given the potentially large costs of driving recklessly. WHO (2017) estimates that
traffic accidents are one of the most common causes of death globally among those aged
15-49 (see Appendix Figure A.2). In a large share of these lethal accidents, the primary
cause is excess speed (WHO, 2018).

Finland offers an attractive context to study the impact of criminal sanctions on ex-
cess speeding for two reasons. First, the speeding punishment schedule and especially the
income-based fine system in Finland, both of which are described in greater detail below,
create substantial exogenous variation in the size of punishment across drivers and within
a driver across very similar driving speeds. Second, the Finnish administrative data allows
me to follow individuals over time and link them to other registers. For example, the linking
to tax data to observe individual incomes is crucial since part of the variation in fines arises

from an individual’s income.



2.1 The Relationship Between Speed, Income, and Speeding Tickets

Figure 1 gives an illustrative example of the speeding punishment schedule when the legally
mandated speed is 100 km/h. Other possible speeding limits are 20, 30, 40, 50, 60, 70, 80,
and 120 km/h, and the implications are similar. Given the 100 km/h limit and a 6 km
grace speed, so long as an individual drives at or below 106 km/h, there is no ticket given.

Two factors determine the size of the speeding ticket in Finland. First, if a speeding
violation is minor, i.e. only 7-20 km/h above the posted limit, then the individual receives
a fixed fine equal to 140-200 euros.

Second, if an individual’s speeding violation is more than 20 km/h over the limit, the
so-called day-fine system kicks in, and speeding tickets become income-dependent. Under
the income-based fine system, the size of the assessed fine is determined by the product of
the offense severity and an individual’s income. Depending on the severity of the excess
speeding, the individual receives 1-120 fine units called day-fines. In cases of speeding, the
higher the observed speed, the more severe the offense, and hence the higher the number of
day-fines the individual receives. The following rule governs the monetary value of a single

day-fine
Y — 255
60

I= 3x D, (1)

where I is the monetary value of a single fine, Y is the net monthly income, and D is the
number of dependents.®

Finland introduced the income-based fine system in 1921 for two reasons. The first
motivation was equity. The government wanted to design a fine system that treated everyone
similarly regardless of income. Second, the government was concerned that the high inflation
at the beginning of the 20th century would erode the deterrence effect of the fine system.
One way to overcome this problem was to link the value of fines to income. The name ”day-
fine system” originates from the feature that the value of a single day-fine was initially set
to be equal to the amount of salary a worker would lose if he had to spend one day in prison
instead of working. (HE, 1920)"

Figure 1(a) provides a theoretical example of how the size of the fine changes at the

0

income-based fine cutoff for different income decile groups.!® The fixed fine amount is

identical across all income groups and applies for 6-20 km /h above the speed limit. Once the

8Net income consists of the sum of all taxable earned income, capital income, employee benefits, and
pensions, and most social benefits.

9The day-fine system is used in courts as well. In court cases, a judge decides the number of day-fines
a defendant receives based on the severity of the crime. The equation 1 defines the size of each individual
day-fine.

0The figure shows the fine schedule for deciles 3-10. The decile-specific income stated in the figure is the
average net income over the years 2015-2017 calculated using microdata.



Figure 1: Relationship Between Income and the Size of Speeding Ticket

(a) Theoretical example when the speeding limit is 100 Km/H
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Notes:Figure Panel a shows the theoretical relationship between the size of the speeding ticket, speed, and
net income for different income decile groups when the speeding limit is 100. Figure Panel b relates the
speeding ticket’s size to the decile’s average net income. Average net incomes within deciles are calculated
using microdata. In the equation on top of the figure, S refers to a number of income-based fine units, y to
net monthly income, and D to a number of dependants.



speed exceeds 20 km/h above the mandated limit, the income-based fine system begins and
the ticket size can discontinuously increase enormously, depending on the driver’s income.
For an individual in the top income decile, the fine jumps by around 900 euros at the cutoff.
In contrast, for an individual in the third income decile with a net monthly income of 1594
euros, the fine barely changes at the cutoff. Although Figure 1(a) provides an example using
discrete income groups, in actuality the income-based fine system creates a continuum of
discrete jumps in fines at the point when speed exceeds the limit by more than 20 km /h.

To illustrate the relative magnitude of fines across income groups, Figure 1(b) relates the
size of the fine to an individual’s net monthly income. Before the income-based fine cutoff,
the relative magnitude of the fines differs a great deal between income groups. Specifically,
with a flat fine imposing identical penalties for all individuals, those who are lower income
pay the highest proportion of their incomes as the fine. However, after the income-based
fine threshold, the fine equals around 15-20 percent of net monthly income for each income
group. This is the sense in which an income-based fine system may be considered more
equitable, as it imposes fines that constitute a similar proportion of incomes across different
income groups.

Individuals just on the right-hand side of the income-based fine cutoff usually receive
around 10-12 income-based fine units. After the cutoff, the number of income-based fine
units increases in a stepwise manner. Appendix Table B.1 provides the exact punishment
schedules that the police use in Finland to punish speeding.

Two additional aspects of the system are essential to this study. First, the income-based
ticket cannot be lower than the fixed fine equal to 200 euros.!' Second, the income-based
speeding ticket schedule does not have an upper limit in euros. This has resulted in some
extraordinarily large speeding tickets, with some of the largest tickets in the recent past
equalling around 100,000-120,000 Euros. The current unofficial record holder is professional
National Hockey League player Rasmus Ristolainen, who exceeded the 40 km/h speeding
limit by 41 km/h and received a speeding ticket for 120,680 Euros in 2019.

The use of income-based fines is not just limited to speeding tickets. Income-based fines
are the most commonly used punishment judges impose in Finnish district courts. For
example, 57 % of district courts’ decisions in criminal trials were income-based fines in 2021

(SF, 2021).

The fine stays constant at the cutoff for a person whose net income is around 1455 euros per month. If
an individual earns less than this, the fine does not change at the cutoff.



2.2 Speeding surveillance

Speeding is monitored in two ways in Finland. First, the police use fixed surveillance
stations or automatic traffic surveillance vehicles that measure the speeds of passing cars.
If the surveillance station observes a speeding car, it takes a picture that the police use
to assign a fine. Second, traditional police patrols monitor speeding with radar and laser
speed guns. When a patrol observes a driver that exceeds the speeding limit, they may stop
the car and issue a notice or fine to the driver. I use only data created by the cameras,
since their measurements are not affected by decisions such as whom they should stop.'?
Appendix Figure A.3 presents a picture of a typical police speeding surveillance camera.

After the surveillance machine has taken a picture, it is sent to the police Traffic Safety
Centre, where an officer identifies the car owner based on the register number. Next, the
police adjust the speed downwards due to possible measurement error and then decide,
based on the adjusted speed, whether they assign a notice or fine to an individual.'? All
the numbers I report in this paper are adjusted speeds. Finally, if the police assign a fine or
notice, the owner receives an electronic message and letter at home by post within 30 days
from the date of the offense. The message notifies the individual of the fine and its size.'

The police calculate the amount of the income-based fines for each person who receives
a ticket by using the individual’s annual income from the most recent tax decision. If an
individual’s income has changed since the last tax decision, it may be corrected to reflect the
current situation. I do not observe individuals’ monthly earnings at the time of a speeding
incident. Instead, I proxy an individual’s monthly net earnings with yearly net earnings,
which may create a modest measurement error.

Frequent speeding or extreme speeding can also lead to a temporary suspension of an
individual’s driver’s license. Three speeding tickets within a year or at least four tickets
within two years lead to a driving suspension lasting between 6-18 weeks. However, the
suspension policy does not change at the income-based fine cutoff, which makes it easier to
interpret the regression discontinuity design estimates I will estimate and describe. Further,
police may suspend an individual’s driver’s license for 1-6 months if the individual’s speed

exceeds the speeding limit of more than 35 km/h.

12For example, Goncalves and Mello (2021) provides evidence that in Florida, U.S officers discriminate
against minorities by not discounting their speed, which leads to larger fines for minority groups.

!3The correction is 3 km/h if the speed is less than 100 km/h and 3% if the speed is larger than 100 km/h

' The Police always send the ticket to the owner of the car. The owner must request an administrative
review if the owner was not the driver when the speeding incident occurred.



2.3 Data

Data sources My primary data set comes from the National Police Board of Finland and

includes all the speeding tickets that the police gave between April 2018 and May 2020.%°
The police data contains rich information about the speeding incident and the fine amount.
I can observe the recorded speed, the speeding event’s location, the prevailing speed limit,
and whether an officer or an automatic camera system measured the speed. The data also
includes the monetary value of a fixed fine, the monetary value of a single day-fine, and the
number of day-fines an individual received for the speeding incident.

A key component of the police data is that each speeding ticket in the data includes
a unique personal identifier, which I use to link the police speeding data to other admin-
istrative registers. First, I merge the speeding data into Statistics Finland’s crime report
register, which spans between 2006-2020. The crime report data contains the same speed-
ing events as the police speeding data, but it does not include information about the exact
speed. Thus I cannot use it to plot speeding distributions, but I can construct the recidivism
outcomes using this data. This approach increases my sample size.

Further, I merge the speeding data into Statistics Finland’s FOLK data module, which
contains a full population of Finnish residents between 1987-2019. From this data set, I ob-
serve individual’s labor market outcomes such as labor earnings, income, and employment,
and basic demographics like age, municipality of residence, marital status, and whether a
household owns a car.

I also conduct analysis using traffic data collected by the Finnish Transport Agency using
automatic traffic monitoring system (TMS) stations. There are around 500 TMS stations
scattered around Finland. These TMS stations observe if a vehicle passes the station and
records information such as time, speed of the vehicle, and vehicle class. Using the data
collected by TMS, I can plot the speed distribution of all drivers, not just those caught
speeding by cameras. Unfortunately, TMS data is anonymous. Hence, I cannot observe
information on the identity of the driver.

Sample Restrictions The first restriction I impose is that I only focus on speeding
incidents measured by automatic cameras. Iignore police patrol speeding data because prior
evidence shows that police officers may manipulate the observed speed, complicating the
interpretation of possible bunching (Goncalves and Mello, 2023). Second, I omit speeding
tickets given in areas where the limit is 120 km/h since there are too few observations.

Finally, I only take individuals whose personal identifier numbers are available in the police

5Due to a reform, I do not observe fixed fines after May 2020.
16WWith this approach, I can use observations from the beginning of my sample period for which I would
not observe any pre-outcomes without the crime report data

10



data and who are at least 18 years old at the time of the speeding ticket.!”

Outcome Variables In the second part of the paper, I study whether the size of the fine
impacts recidivism. For this analysis, I use police crime report data to follow individuals for
12 months after the initial speeding ticket and calculate a cumulative reoffending probability
for each month. I measure reoffending by constructing an indicator variable that takes the
value one if an individual has committed a new traffic crime in the current month or any past
months subsequent to the initial speeding ticket.'® I am able to follow the same individuals
for five months, but after 6 months my sample starts to decrease. However, in the robustness
section, I show that my results are insensitive to this limitation. I also use crime report
data to build variables measuring non-traffic criminal activity. Like the primary outcome,
the non-traffic crime indicator takes value one if an individual has committed a non-traffic
crime 1-12 months after the initial speeding ticket.

Background Variables. Finnish register data let me observe a rich set of background
variables such as an individual’s gender, education level, age, and employment status. I
use these background variables to check the validity of the setting, as control variables, and
to perform heterogeneity analysis. The most important variable is the net yearly income,
which I use to approximate an individual’s net monthly income at the time of the speeding
incident.!”

Descriptive Statistics Table 1 provides descriptive statistics of the background vari-
ables. Column 1 reports the means of all background variables in the sample that I obtain
after imposing the restrictions described above. Column 2 reports the same statistics but
in the small window around the income-based fine cutoff. On average, the individuals in
my sample are more likely to be male, relatively old, and have high net income.?’

To give an idea of how common speeding tickets are and who receives fines, Figure 2
plots a non-parametric relationship between crime and income among the Finnish adult
population who live in a household with a car. The figure reveals two interesting patterns.
First, speeding is a common crime. Around 15 percent of individuals in the median in-
come percentile have received a speeding ticket over a two-and-a-half-year follow-up period.
By contrast, when the suspected offense is not a traffic crime, only around 2 percent of the
median-income individuals show up in the police crime report data. Second, the association

between an individual’s income and speeding tickets is very different compared to the rela-

7Personal identifiers are missing for foreigners who do not live in Finland permanently.

18 Appendix Figure A.17 shows that I obtain similar results if the outcome is just speeding.

9The approximation, while imperfect, does a good job of recovering the true monthly income. For
those who receive income-based fines, I can calculate their monthly net income from the income-based fine.
Appendix Figure A.4 illustrates that the correlation between these two income measures is not perfect but
still high (corr=0.6)

20T find that the average net income of individuals who are at least 18 years old is approximately 2000
euros in 2018.
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Table 1: Descriptive Statistics and Balance Check

All Window +-3 RDD CCT RDD
Mean Mean RDD RDD
(1) (2) (3) (4)
Traffic offence, months t-1 to t-6 0.122 0.134 0.014 0.018
(0.011) (0.013)
Non-Traffic offence, months t-1 to t-6  0.014 0.018 -0.002 -0.003
(0.004) (0.005)
Employed 0.706 0.708 0.002 0.004
(0.013) (0.016)
Unemployed 0.032 0.037 0.016 0.019
(0.006) (0.007)
Outside the Labor Force 0.262 0.255 -0.019 -0.024
(0.012) (0.015)
Monthly Net Income 2,590 2,572 -77.374 -75.269
(42.134) (52.966)
Primary Education Only 0.164 0.168 0.003 0.007
(0.011) (0.013)
Secondary Education Only 0.434 0.442 0.002 0.006
(0.013) (0.016)
Tertiary Education Only 0.402 0.391 -0.005 -0.008
(0.014) (0.018)
Female 0.331 0.298 -0.002 -0.001
(0.011) (0.014)
Age 47.296 45.926 -0.947 -0.895
(0.432) (0.536)
N of Children 0.834 0.847 0.062 0.081
(0.037) (0.046)
Finnish Speaking 0.886 0.884 0.021 0.024
(0.010) (0.012)
Married 0.501 0.481 0.000 0.006
(0.014) (0.017)
Urban Municipality 0.729 0.716 0.014 0.021
(0.013) (0.016)
Semi-urban Municipality 0.160 0.166 -0.015 -0.017
(0.009) (0.012)
Rural municipality 0.111 0.118 -0.002 -0.007
(0.010) (0.013)
Capital region 0.338 0.307 -0.003 0.002
(0.012) (0.016)
Observations 338,191 23,026

Note: The table shows the means of predetermined characteristics among individuals in the speeding ticket
sample and results from balance checks. Column (1) shows the means of background variables in the estimation
sample. Column (2) presents the means of background variables in the estimation sample after restricting
individuals within +-3 km/h from the income-based cutoff. Column (3) shows results from the balance check
where the dependent variable is a predetermined characteristic. The column reports the estimates of § obtained
using the equation 2. Column (4) reports results from the balance check conducted using the approach of
Calonico et al. (2014a). I cluster standard errors at the individual level. T omit speed limit zones of 80 km/h
and 120 km/h. See Section 2.3 for more details on sample construction.
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Figure 2: The Relationship between Income, Probability of Speeding, and Crime Report
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Notes: Figure presents the relationship between income percentile and the probability of observing the
individual in the Police crime report statistics between January 2018 - May 2020. I construct the figure
using every 18-65 year old in 2015 in Statistics Finland’s total population labor market and demographics
data. I calculate the income percentile by comparing individuals’ mean income over 2015-2017 to those in
the same birth cohort. Finally, I restrict to individuals who live in a household with a car. Blue dots with
circles show the share of individuals receiving a speeding ticket in each percentile between January 2018 and
May 2020. Red dots without the circle show the share of individuals in Police crime report data when the
suspected crime is not a traffic offense between January 2018 and May 2020 for each percentile. Small dots
decompose the speeding ticket averages into shares that arise from fixed fines (blue dots) and income-based
fines (grey dots). Appendix Figure A.6 shows the average earnings within each percentile. Appendix Figures
A.5 and A.7 show that the figure is robust in multiple ways.
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tionship between income and non-traffic crimes. Higher-income individuals are much more
likely to receive a speeding ticket than lower-income individuals. This fact suggests that
speeding is likely a luxury crime. In contrast, there is a strong negative gradient between
income and non-traffic crimes.?!

In addition, Figure 2 decomposes the speeding tickets into fixed fines (small blue dots)
and income-based fines (small grey dots). The decomposition shows that the income gradi-
ent is much steeper among fixed fines than income-based fines. The disparity in the speeding
probability by income is consistent with the idea that if individuals are risk averse, fixed

fines deter low-income people more than high-income people. Of course, other things may

contribute to the gap. For example, wealthy individuals may drive more.

3 Do People Bunch at the Income-based Fine Cutoffs?

This section investigates whether people react to income-based fine cutoffs by bunching. A
simple Becker (1968) model of criminal behavior, in which individuals compare gains from
illegal speeding to expected punishment, predicts that individuals should react to income-
based fine cutoff by bunching. In the model, the cutoff makes speeds above it discontinuously
more expensive, implying that some drivers should respond by slowing down and bunching
below the threshold.?? If this prediction holds, we should see excess mass below the income-
based fine cutoff in the speeding distribution.?3

Speeding Distributions in Traffic Data I begin by plotting the speed distributions
in the Finnish Transport Infrastructure Agency’s (FTIA) traffic data. The automatic traffic
monitoring stations scattered around Finland generate the data. These stations measure
the speed of each passing car. The data allows me to see the total speed distribution, not
only the speed distributions conditional on a driver going faster than the posted speed limit.

Figure 3 shows the first key result of the paper. The figure plots total speed distributions
in the FTTIA data. Figure Panel 3(a) plots the raw distributions in different speed limit
zones. Figure Panel 3(b) pools together all speed limit zones and normalizes the x-axis
variable as a distance from the income-based fine cutoff. The figures reveal two interesting
patterns. First, each speed distribution peaks around the speeding limit, suggesting that,
on average, speed limits do strongly shape drivers’ behavior.

Second, even though the speed distributions peak at the posted speed limits, Figure 3(b)

21 Appendix Figures A.5 and A.7 show that the results are robust to multiple alternative ways to construct
income percentiles.

#2Gection 5 presents this result using a formal model.

23 A common phenomenon in various contexts is that people react to discontinuous changes in incentives
by bunching. Examples of this behavior include studies by Kelven and Waseem (2019), Einav et al. (2010),
and Best et al. (2018).
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shows that speed distributions exhibit no bunching around the points where the police’s
tolerance level (-14) ends, fixed fines increase (-5), or income-based fines turn on (0). The
fact that we do not see any mass just below these fine thresholds suggests that drivers do
not react to fine discontinuities as the simple Becker model would predict.

However, it is possible that high-income individuals react to fines, but the behavior of
drivers whose incentives change very little at the cutoff masks the bunching by high-income
individuals. Unfortunately, the FTIA data does not contain information on the driver. To
overcome this shortcoming, next I move to use the police speeding data, which allows me
to observe each driver’s income.

Speeding Distributions in Police Data Figure 4 plots the speeding distributions
using the police speeding camera data.?* Figure 4(a) shows the distributions at different
speed limit zones. The figure illustrates that speed distributions evolve strikingly smoothly.
In other words, drivers do not bunch below the speeding ticket hikes highlighted by vertical
lines, despite significant incentives to do.

In Figure 4(b), I plot the pooled and normalized speeding distributions for the income
quintile groups, which I define using predetermined income. Light (dark) blue dots show
the speeding distribution for the top (bottom) income quintile group. We see that even the
top income quintile’s speeding distribution evolves smoothly at the cutoff, although they
have the largest incentives to bunch below the threshold.

Figure 4(a) and Appendix figure A.8(c) show that the only place where we observe
excess mass is at speed 96 km/h when the speed limit is 80 km/h. However, this spike is
unlikely to arise from the driver’s behavioral response. The mass point is just after a fixed
fine hike, implying that people do not bunch to avoid larger fines.

I cannot study whether individuals know the locations of police surveillance stations and
slow down just before cameras to avoid speeding tickets. If this is the case, the speeding
ticket sample contains individuals who either do not care about the cameras or do not
know their location. However, the fact that the total speed distributions shown by Figure 3
behave continuously everywhere suggests that the smoothness of the speeding distributions
is not just an artifact of the police camera data.

Starting from the next section, the rest of the paper tries to understand why people

ignore the cutoff.

24The police assign a fine only if the driver’s speed crosses the police’s tolerance level. This means that
the speed ticket data reveals the speed distribution’s right tail.
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Figure 3: The Speed Distributions in Traffic Data
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Notes: The figure presents the speed ticket distribution in the data created by the Finnish Transport
Agency’s automatic traffic monitoring stations. Figure panel (a) shows the speed distributions separately in
different speed limit zones. Figure panel (b) pools all speed distributions together and normalizes the x-axis
variable as a distance from the income-based fine cutoff.

16



Figure 4: The Speeding Distributions in Police Camera Data
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Notes: The figure presents the speeding ticket distributions in the sample containing speeding tickets assigned
by cameras between Jan 2018 - May 2020. Figure Panel (a) shows the distributions in different speeding limit
areas. The x-axis refers to the speed in km/h, and the y-axis to the number of speeding tickets per km/h.
Vertical dashed lines indicate the points where the average speeding ticket jumps due to the income-based
fine system. Figure Panel (b) pools all the speeding limit zones except 80 km/h together, normalizes the
x-axis to measure the distance from the income-based fine cutoff, and plots the speeding distributions for
different income quintile groups. I define income quintile groups using an individual’s average net income
1-2 years before the speeding incident. The first vertical line highlights the point at which the fine jumps a
fixed amount. The second vertical line highlights the point at which the income-based fine system kicks in.
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4 Does A Larger Speeding Ticket Influence Re-offending?

The previous section documents that drivers do not behave as a simple Becker model pre-
dicts. Drivers ignore the discontinuous changes in the price of speeding at the income-based
fine cutoff ex-ante and do not bunch as this theory would predict.

There are two possible explanations for the lack of bunching that I explore in this section.
First, drivers may fail to bunch because of information frictions. In other words, people do
not understand how the system works, leading to suboptimal decisions. Second, people may
operate under perfect information but ignore the cutoff because of adjustment costs. An
individual’s optimization problem contains multiple parameters, such as the measurement
error of a car’s speedometer, the downward correction made by the police, and the exact
location of the income-based cutoff, which varies with the speeding limit in absolute terms.
Due to the complexity of the problem, individuals may feel that gains from bunching are
smaller than the adjustment costs, implying that they neglect the cutoff.

Although both information frictions and adjustment costs can generate smooth speeding
distributions, they make very different predictions on how realized speeding tickets should
affect reoffending. If information frictions characterize an individual’s behavior, then as-
signed fines should reveal information about the punishment system and affect recidivism.
However, under adjustment costs, individuals should not react to fines since they already
operate with perfect information.

This section asks whether being assigned a larger versus a smaller speeding ticket changes
the driver’s behavior ex-post. To answer this question, I use a regression discontinuity
design to compare individuals just below and above the cutoff. The smoothness suggests
that drivers do not manipulate whether or not they receive a large fine.

How individuals react to the size of the fine helps us understand why speeding distri-
butions are smooth and how drivers generally make speeding decisions. Adjustment costs
will likely explain the lack of bunching if the assigned speeding ticket size does not influ-
ence recidivism. However, if larger speeding tickets reduce reoffending, then information
frictions and learning characterize the individual’s behavior. In Section 5, I will present a
more formal theoretical framework that rationalizes the empirical findings presented in this

and the previous section.

18



4.1 Empirical Specification

I investigate the impact of larger realized fines on recidivism using a sharp regression dis-

continuity design (RDD). My RDD equation takes the form

Yie = BeZio + f(Sao) + f(Si0) X Zio + oo + €y, (2)

where the dependent variable Yj;; measures the cumulative recidivism ¢ months after the
initial speeding incident. The indicator variable Z; ¢ is equal to 1 if an individual i crossed
the income-based fine cutoff in the speeding limit region [ in period zero (normalized to be
the time of the speeding incident). The running variable S;; o controls the distance from the
fine cutoff. The interaction term f(.Sj;0) X Zj o allows the relationship between the outcome
and the running variable to change at the cutoff. Further, I control for speeding limit fixed
effects oy . The error terms (e;0) are clustered at the individual level. I use triangular
weights centered at income-based fine cutoffs, and select optimal bandwidth around the
cutoff using methods of Calonico et al. (2014b).

The coefficient of interest, 3¢, captures the effect of larger fines on recidivism. Interpret-
ing this estimate as causal requires that individuals cannot manipulate the running variable
precisely. If this identifying assumption holds, individuals at the cutoff are, on average,
similar but receive speeding tickets of very different magnitudes.

Treatment Figure 5(a) clarifies the treatment for those who cross the income-based
fine cutoff. Black connected dots in the figure reveal that those on the right-hand side of
the cutoff (treatment group) receive a fine that is, on average, 200 euros larger than those
on the left-hand side of the cutoff (control group). However, the size of the fine varies
considerably with an individual’s income (See, Appendix Figure A.20).

Validity of the Setting One of the greatest strengths of RDD is that its key assumption
provides testable predictions that we can use to evaluate the validity of the setting. The
first prediction is that if individuals do not have perfect control of the running variable, then
the distribution of the running variable (in this case speed) should be continuous. Figure
5(a) provides evidence that this first prediction holds in my setting. Based on the figure,
the number of observations decreases rapidly with speed, but there is no evidence of excess
mass below the cutoff. In other words, we do not find evidence that individuals manipulate
the speed perfectly.

The second prediction is that if individuals do not manipulate the running variable per-
fectly, then drivers at the cutoff will be locally randomized to control and treatment groups,
implying that people just below and above the cutoff should be similar on average. To de-

termine whether pre-determined characteristics evolve smoothly at the cutoff, I investigate
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Figure 5: Graphical evidence: Validity of the Setting

(a) Speeding Distribution and Size of the Fine
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Notes: The figure presents how speeding distribution (a), size of the fine (a), and predetermined background
characteristics (b) evolve at the income-based fine cutoff. The x-axis measures the distance from the income-
based fine cutoff in km/h. In Figure Panel (a), the left-hand side y-axis refers to the density per km/h,
and the right-hand side y-axis measures the average size of the speeding ticket. Figure Panel (b) plots a
summary index of predetermined covariates against normalized speed. The index is equal to the predicted
values that I obtain by regressing the indicator variable, which takes value one if an individual commits
another traffic offense within six months after the speeding tickets against covariates listed in table 1. The
sample constructed as the section 2.3 describes.
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whether a propensity score measuring the probability of reoffending jumps at the cutoff.?
The propensity score is an index that summarizes all background variables succinctly into
one variable. I construct the propensity score in the following way. First, I regress a dummy
variable for reoffending on a set of pre-determined variables, excluding speed. Then, I use
regression coefficients to calculate each individual’s predicted value of reoffending.

Figure 5(b) illustrates that the propensity score behaves smoothly at the cutoff, provid-
ing another piece of evidence supporting the key assumption of RDD. In addition, I study
how individual variables behave at the cutoff. Columns (3) and (4) of Table 1 show that
most of the pre-determined background variables behave continuously at the income-based
fine cutoff. Out of 18 variables tested, only three are statistically significant at a 5 percent
level, which is slightly more than one would expect to show up due to randomness. However,
these significant variables do not seem to be jointly related to the propensity to commit
traffic crimes, since the propensity score for reoffending evolves so smoothly in Figure 5(b).
Furthermore, in the robustness section 4.5, I show that the main estimates barely move

when I add these background characteristics as controls in the estimation.

4.2 The Impact of Speeding Ticket Size on Recidivism

Descriptive Evidence Figure 6 presents the first evidence of how people respond to larger
fines that arise from the income-based fine system. The x-axis of the figure measures the
distance from the income-based cutoff in km/h. The dots plot the probability of committing
another traffic offense within six months after a speeding ticket. We observe sharp drops
in the probability of reoffending at the cutoffs where the fines jump discontinuously. The
drop seems large at the income-based fine cutoff, but we also see some action at the fixed
fine cutoff. Before and after the fine cutoffs, the probability of reoffending evolves smoothly.
Under the key assumption I stated above, which seems plausible given the evidence, the
discontinuous jump in the fines causes the observed drops in the probability of reoffending.
Next, I use an RDD to quantify the size of the drop in reoffending at the income-based fine
cutoff.

RDD Estimates Figure 7 presents the second key result of the paper. The figure
shows how the larger speeding tickets impact the probability of committing another traffic
offense in the future. In Figure 7(a), I graph the RDD estimates, i.e. the ;s from equation 2.
These estimates capture the impact of a larger speeding ticket on the cumulative reoffending
probability. My main outcome track individuals’ cumulative reoffending probabilities 1-12
months after a fine.?6

Figure 7(a) shows that the short-term cumulative reoffending probability drops when

25This approach has been applied, for example, by Rose and Shem-Tov (2021) and Londofio-Vélez et al.
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Figure 6: Graphical Evidence: Recidivism Within 6 Months
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Notes: The figure presents a recidivism outcome as a function of normalized speed. The x-axis measures
the distance from the income-based fine cutoff in km/h. The y-axis refers to the probability of committing
another traffic offense within six months after the initial speeding ticket. Vertical lines highlight the fine
discontinuity points. The income-based (fixed) fine cutoff locates at 0 (-5). The sample is constructed as
the section 2.3 describes.
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Figure 7: RDD Estimates at the Day Fine cutoff - 80 km/h limit omitted

(a) RDD Point Estimates
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impact of the higher fine on the cumulative probability of committing a traffic offense in ¢ months after the
initial fine. Tthe estimates are obtained using conventional local linear regression with a triangular kernel.
Vertical solid lines are the 95 percent confidence intervals. Standard errors are clustered at the individual
level. Panel (b) shows the mean of the outcome variable in the control group, and panel (c) relates the point
estimate shown by the connected dots in panel (a) to reoffending probabilities in the control group. Sample
construction and data as defined in section 2.3.
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a driver receives a larger fine due to the day fine (red dots). The impact peaks around
5-8 months after the speeding incident. At this time, drivers who received a larger fine are
around 2.1-2.9 percentage points less likely to commit another traffic offense than individuals
who received a fixed fine.?”

I also provide suggestive evidence that drivers do not react to larger realized fines by
bunching below the income-based fine cutoff. Appendix figure A.9 plots the speeding dis-
tributions for individuals reoffending within a year. The figure shows that individuals who
received an income-based fine and reoffended within a year do not bunch below the cut-
off. These results suggest that a larger speeding ticket triggers only an extensive margin
response.

To understand the relative magnitudes of these estimates, Figure 7(b) plots cumulative
reoffending probabilities in the control group, and Figure 7(c) relates the point estimates
shown in Figure 7(a) to the reoffending probabilities in the control group. Reoffending is
common: of those who are just below the income-based fine cutoff, more than 20 percent
commit another traffic offense within a year. However, larger income-based fines decrease
recidivism in the short term. Figure 7(c) shows that those who receive an income-based
fine are around 15-20 percent less likely to commit another traffic offense in the following
6-8 months than individuals who receive a smaller fixed fine.

Lastly, Figure 7 illustrates that the decrease in speeding as a result of a larger speeding
ticket starts to fade out around nine months after the initial ticket was assigned. Although
the point estimate is still negative twelve months after the initial speeding ticket, it is not
statistically significant from zero at a 95% confidence level. This result suggests that if the
target of larger fines is to achieve a permanent reduction in speeding, then fines must be
assigned frequently to those who speed.

Table 2 presents the estimates I plot in Figure 7 in the table format. Columns (3)-(4)
presents conventional RDD estimates with and without controls. Column (5) shows the
biased corrected RDD estimates. Column (6) shows the bandwidth I select using the tools
of Calonico et al. (2014b). Finally, column (7) indicates the number of observations within

the bandwidth.

(2020).

26T can follow the same sample 6 six months, after which the sample size starts to decrease. I show that
my results are robust to this limitation in 4.5.

2T exclude the 80 km/h limit zone from my main analysis. Despite the lack of incentives to do so, I
observe bunching at the speed of 96 km/h when the limit is 80 km/h. One explanation for this excess mass
point is an error in the data, so I do not use the limit zone in the main analysis. However, Appendix Figure
A.13 shows that I get similar results when I use all speed zones.
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Table 2: Regression Discontinuity Design Estimates

Dep. Variable: P(Traffic Offence between time 14-t)

Time (t) Mean RDD RDD RDD BW Obs.

(1) (2) (3) (4) (5) © (7

1 0.028 -0.007 -0.008 -0.011 3 23,026
(0.005) (0.005) (0.007)

2 0.056  -0.011  -0.011 -0.015 3 23,026
(0.007)  (0.007) (0.009)

3 0.078 -0.017 -0.018 -0.022 3 23,026
(0.008) (0.008) (0.010)

4 0.102 -0.022 -0.023 -0.027 3 23,026
(0.009) (0.009) (0.011)

5 0.120 -0.029 -0.030 -0.034 3 23,026
(0.010) (0.010) (0.011)

6 0.137  -0.021 -0.022  -0.025 4 31,912
(0.009) (0.009) (0.011)

7 0.155 -0.026 -0.026  -0.030 4 30,627
(0.010) (0.010) (0.013)

8 0.173 -0.026 -0.026  -0.030 4 29,323
(0.011) (0.010) (0.013)

9 0.192 -0.028 -0.030 -0.033 4 27,715
(0.011) (0.011) (0.014)

10 0.207 -0.018 -0.019  -0.020 5 34,908
(0.011) (0.011) (0.014)

11 0.224 -0.012 -0.012 -0.014 5 33,062
(0.012) (0.011) (0.015)

12 0.242 -0.011 -0.012 -0.013 5 30,592
(0.013) (0.013) (0.016)

Controls VA

CCT Estimator v

Note: The table shows the RDD estimates from the income-based cutoff displayed in
Figure 7. The analysis omits the limit zone 80 km/h. The outcome is the probabil-
ity that an individual commits another traffic offense 1 to ¢ months after the initial
speeding ticket. Column (2) shows the mean of the outcome for those just on the
left-hand side of the cutoff. Column (3) presents the RDD estimates obtained using
equation 2. Column (4) shows results from a similar analysis but with controls. Col-
umn (5) reports biased corrected RDD estimates obtained using the robust approach
by Calonico et al. (2014b). Column (6) shows the bandwidth selected using methods
of Calonico et al. (2014b). Column (7) shows the number of observations. In columns
(3) and (4), standard errors in the parentheses are clustered at the individual level.
For bias-corrected estimates, the confidence intervals are given by the approach of
Calonico et al. (2014b). Sample construction and data as defined in Section 2.3.
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4.3 Does the Effect Vary by Income?

Next, I show that high-income individuals who cross the income-based fine cutoff and receive
a larger fine react more strongly than low-income individuals who receive a smaller fine.
Further, I show that these high- and low-income individuals react similarly to an equal-
sized jump in the fine. These results suggest that the larger the jump in the fine, the more
extensive the learning experience.

I start by splitting my sample into quartiles using individuals’ annual net income one year
before the ticketing year. Then, I estimate the effect separately in each quartile group using
equation 2. Figure 8(a) illustrates how the size of the fine develops as a function of speed
for different income quartile groups. We see that different income quartiles experience very
dissimilar speed ticket hikes at the income-based fine cutoff. The fine increases by around
500 euros for the top quartile, whereas the hike equals around 50 euros for the bottom
quartile. For the bottom group (top group), the fixed fine equals around 20 (4) percent
of net monthly income. In relative terms, the income-based fine is similar for each income
group.

Figure 8(b) then plots RDD estimates for different income quartiles when the outcome
is cumulative reoffending probability six months after the initial speeding ticket. Blue
diamonds show the RDD estimates for different income quartiles at the income-based fine
cutoff. Although the estimates are relatively imprecise, they suggest that high-income
individuals react very strongly to their fines. The point estimate is zero for the bottom
quartile, after which the estimates increase almost linearly. For the top income group, the
RDD estimate (-0.045) is double the size of the main estimate I presented in the previous
section.

The black dots in the figure 8(b) present similar RDD estimates as above but use
variation from the fixed fine cutoff where an individual’s income does not affect the size of
the fine.?® Even though the estimates are imprecise, the magnitudes are smaller and more
comparable between groups.

Together, these estimates suggest that individuals who receive larger fines are less likely
to recidivate than individuals who receive small fines. Because all income groups react
similarly to fixed fine hikes, the sizable reaction to income-based fines by high-income people
is due to larger fines and not because they are different on some unobserved dimension that

impacts speeding behavior and is correlated with income.

28 Appendix Figure A.14 conducts the same analysis as the main Figure 7 but using variation from the
fixed fine cutoff (15 km/h), where the fine is independent of income. The jump in the fixed fine has a small
and imprecise effect on reoffending.
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Figure 8: Impact of Fines and Income Quintile
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Notes: Figure Panel (a) shows a jump in the fine’s size at the income-based fine cutoff for different income
quartiles. The income quartiles are constructed using an individual’s annual net income measured 1-2 years
before the speeding incident. The Legend in the left upper corner shows the approximated monthly income
obtained by dividing the individual’s annual net income by twelve. The x-axis measures the distance from
the income-based fine cutoff. Figure Panel (b) reports RDD estimates for different income quartiles. The
outcome is the probability that an individual commits another traffic crime within six months after the
original speeding incident. Blue diamonds (black dots) show the RDD results at the income-based (fixed
fine) cutoff. The estimates are obtained using equation 2. The shaded bands show 95 percent confidence
intervals. Standard errors are clustered at the individual level. Sample construction defined in 2.3.
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4.4 A Dose-Response Parameter

Finally, I use the variation in the size of the fine stemming from income to estimate the ”so-
called” dose-response parameter. This parameter reveals the impact of a marginal change
in the ”dose” of fines on recidivism. In other words, the parameter answers the question of
how recidivism changes when the realized fine increases by one euro.

The dose parameter is important because of two reasons. First, the dose parameter
may be easier to apply for policy purposes. Continuous concepts, such as price and income
elasticities, often define optimal policies like marginal tax rates in economic models (Hen-
dren, 2016). Ideally, these continuous parameters should be estimated with a continuous
variation (Callaway et al., 2021). My main RDD estimates are identified from large fine
jumps and may not be applicable in a situation where a policymaker wants to know how
marginal change in realized fines affects recidivism. Second, the dose-response parameter
result clarifies what we can learn from the RDD estimates presented in Figure 8(b).

I demonstrate in the Appendix Section D that a comparison of quartile-specific RDD
estimates identifies the ”so-called” dose-response parameter under the assumption that
individuals with different incomes can respond differently to similar fines, but this difference
in responses can not vary with the level of fine. If this assumption holds, then the difference
in RDD estimates identifies the dose-response parameter that reveals how marginal changes
in fines affect recidivism.

In the ideal case, I would split individuals into small groups and compare groups who
receive marginally different fines due to differences in incomes. However, this is clearly not
feasible given the imprecision of estimates I present in Figure 8(b).

Therefore, I estimate the dose-response parameter with the linear specification. The

regression equation takes the form
Yi =y +7Su+0Su X Zy+ BZy+ 01 Fy + 62Fy X Zij + X' + ¢ (3)

where Yj; is the outcome variable, which takes value one if an individual has reoffended
within ¢ months after the original speeding ticket, S; is the running variable, and Z;; is
the binary variable indicating whether the individual crossed the income-based fine cutoff.
Variable F;; measures the predicted fines based on an individual’s income, and X is a vector
that may contain controls and other interactions. Under the assumption that individuals at
the margin of receiving similar doses may react differently to similar fines, but this difference
does not vary with the level of the fine, 5 captures how a marginal change in the expected
fine affects recidivism. For more details, see Appendix Section D.

Table 3 panel B presents dose-response parameter estimates. To make the numbers

28



more interpretable, I have multiplied all the estimates by 100. Hence, the dose-response
parameter reveals how reoffending changes when fines increase by 100 euros. The second
row of Table 3 reports the dose-response parameter with different specifications. I find that
a 100 euro increase in fines decreases reoffending by 0.7 percentage points. The result is
robust to adding controls and additional interaction terms.

Of course, it is a strong assumption that individuals with different incomes can react
differently to similar fines, but the difference does not change with the level of fine. However,
Table panel 3 A adds confidence that this may hold in my setting. Table panel 3 A reports
results from a similar analysis but uses variation from the fixed fine cutoff. Interestingly,
when the change in the size of the fine is not linked to income, the relationship between
recidivism and the predicted fine disappears. This finding suggests that the connection
between predicted fines and recidivism, present in panel B, is mainly explained by larger

fines and not by higher income.

4.5 Robustness and Additional Validity Tests

This section shows that my results do not arise from arbitrary RDD specification choices.
First, one concern is that the selected specification approximates the unknown conditional
expectation function poorly. To alleviate these concerns, Appendix Table B.8 shows that
I obtain similar results when I use a specification with a second-order polynomial or con-
duct the analysis using the robust approach proposed by Calonico et al. (2014b). Further,
Appendix Figure A.18 shows ”honest” Armstrong and Kolesar (2020) confidence intervals
that incorporate the potential bias in the estimates.

Second, Appendix Figure A.10 demonstrates that the point estimates are insensitive to
the bandwidth choice. Although I tie my hands by selecting the optimal estimation window
using the methods of Calonico et al. (2014b), the Appendix Figure A.10 adds additional
confidence that an arbitrary choice of window does not drive the results.

I also carry out a set of additional validity checks. First, if the size of the fine changes
exogenously at the cutoff, RDD estimates should not change when we add pre-determined
characteristics as control variables to the specification. Appendix Figure A.12 and Table 2
illustrate that estimates are insensitive to controls. Second, the RDD’s key identification
assumption implies that the conditional expectation function of potential outcomes should
evolve smoothly. If this is the case, we should not see discontinuities in the outcomes at
the places where fines evolve smoothly. Appendix Figure A.11 shows results from a placebo
test where I randomly reallocate the cutoff to places where fines do not jump and carry out

RDD analysis.?? The placebo estimates (black diamonds) are small and not statistically

29This is similar to the permutation test proposed by Ganong and Jager (2018)
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Table 3: The Dose-response Parameter

Dependent variable: P(Another traffic offence in 6 months)

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

Panel A: Fixed Fine Cutoff

Predicted Ticket 0.0026  0.0067  0.0021  0.0061
(0.0026) (0.0023) (0.0013) (0.0025)
Predicted Ticket x 7 -0.0001  0.0001  -0.0001  0.0002

(0.0010)  (0.0010)  (0.0019)  (0.0019)

Controls v v
Running variable x Z v v
Bandwidth 4 4 4 4
Observations 99,195 99,195 99,195 99,195

Panel B: Income-based Cutoff

Predicted Ticket 0.0007  0.0076  -0.0016  0.0055
(0.0007)  (0.0041) (0.0021) (0.0045)
Predicted Ticket x Z -0.0066  -0.0055 -0.0059  -0.0054

(0.0017)  (0.0017) (0.0033) (0.0032)

Controls v v
Running variable x Z v v
Bandwidth 4 4 4 4
Observations 31,912 31,912 31,912 31,912

Note: The table report results dose-report parameters with different specification. The results
are obtained using equation 3. Panel A (B) reports the fixed (income-based) fine cutoff results.
The interaction term predicted income and Z identifies the average causal response parameter.
In equation 3, this corresponds to d2. The outcome measures whether an individual commits
another traffic crime within six months after the initial speeding incident. All the estimates
and standard errors are multiplied by 100. Thus the dose-parameter reveals how reoffending
changes when the fine increases by 100 euros. Standard errors are clustered at the individual
level. Section 2.3 explains the sample construction.
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significant.

I also conduct an analysis where my outcome is the cumulative probability of commit-
ting a non-traffic crime. Since my main sample contains individuals who rarely commit
non-traffic crimes, it is unlikely that the size of the speeding ticket would impact non-traffic
crimes. Indeed, I find that the RDD point estimates are very small and not statistically sig-
nificant when my outcome is the cumulative probability of non-traffic criminality. Appendix

Figure A.15 reports these results.

5 What Explains the Smooth Distributions and Reactions to

a Larger Fine?

So far, I have presented four empirical findings. First, I demonstrate that despite significant
incentives, individuals do not bunch just below the threshold for income-based fines. Second,
my findings indicate that the size of the imposed fine reduces recidivism in the short term.
Third, larger the realized fine, the larger the ex-post reaction by drivers. Specifically, higher-
income drivers who face the largest jumps in assessed fines experience the largest drop in
recidivism. Fourth, the effect of reoffending fades out over time.

In this section, I present a simple theoretical framework that seeks to rationalize these
puzzling results, building on previous models in this and other related literature (Traxler
et al., 2018). My conceptual framework incorporates two types of optimization frictions
that could reconcile the main results.?’ First, I demonstrate that adjustment costs may
attenuate drivers’ response to fine hikes and result in little or no bunching below the cutoff,
which indicates a discontinuous increase in the assessed speeding fine. If adjustment costs
are high enough, the distribution may be completely smooth. However, under a model with
adjustment costs, individuals should not react to realized fines. The intuition for this result
is that drivers already know precisely how the system works, but because it is too costly
to monitor speed perfectly, they choose not to do so. As a result, a realized fine does not
bring any new information that could change his/her behavior next period.

Second, I present a model with information frictions that can generate the observed
patterns in the data. The model builds on the idea that individuals use the so-called
”ironing heuristic” and approximate marginal prices with average prices if the cognitive cost
of perceiving complex pricing schemes is considerable (Rees-Jones and Taubinsky, 2019).

In the model, drivers replace a complex true penalty scheme with a rule of thumb that

the magnitude of the fine increases linearly with speed. Because of this heuristic, drivers

39These frictions have been explored in related literatures (Chetty et al., 2011; Chetty, 2012; Kostgl and
Myhre, 2021) to explain attenuated responses to incentive changes
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ignore the jump in the marginal price of speeding at the cutoff, leading to smooth speed
distribution, as I observe in the data. However, when drivers are hit with an assigned fine,
then they may change their behavior in the future. If an individual receives a larger fine
than expected based on the linear rule, she concludes that the relationship between the size
of the ticket and speed must be steeper than she expected. She will use this steeper penalty
function in the next period and drive more slowly. Finally, based on the idea of Nyarko
(1991), I show that there are drivers whose beliefs about the slope of the penalty function

will never converge. This may explain the fade-out in effect.

5.1 A Stylized Model of Speeding with Adjustment Costs

Individuals choose how fast over the speed limit to go x € [0, X]. They value speed via
function u(x, §) = fx — 22 that is strictly concave in 2 and increasing in type 6. Individuals’
taste for speed have continuous and smooth distribution G(#) with density g(#). With
probability p, the driver is caught speeding and receives a fine, which is a step function
where

Oifx=0

f@) =< flifo <z < ah
flif x> ah.

31 Since my empirical part

Finally, optimization frictions ¢ make adjusting speed costly.
focuses on the intensive margin variation, I also ignore the extensive margin in the model.

Drivers’ optimization problem takes the following form
max BEU = u(z,0) — p(f' + f7 - 1[z > 2"]) — 1]z # 2¥).

The last term of the problem implies that individuals pay an adjustment cost 1) if they
do not locate in their interior optimum x* given by the first-order condition.
Frictionless Model To illustrate the impact of fines and optimization frictions on optimal
speed, let us first consider the problem without them. First, without fines, drivers locate

at their interior optimum
x* such that OJu(z,0)/0z = 0.

Thus, speeding distribution z*(¢) will be smooth due to smooth type distribution G(8).

Next, let us introduce speeding tickets. When fines are imposed, a continuum of indi-

31 As demonstrated by Chetty (2012), Kleven and Waseem (2013) and Kostgl and Myhre (2021) optimiza-
tion frictions may attenuate individuals’ reactions to discontinues changes in marginal or average prices. In
my case, the adjustment costs may arise, for example, from the fact that if individuals can not drive at the
speed defined by their type, they have to monitor their speed constantly, which decreases utility.
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viduals who value speeding enough such that their interior optimum x* is higher than the

fine notch just above 2", will slow down and bunch to the corner solution where speed is
2 =2" such that du(z,0)/dx # 0

Because of bunching, we should see excess mass at 2. However, some drivers do not react:
individuals whose interior optimum speed is lower than the speed limit or whose taste for
speed is high enough remain in their interior optimum.

Adjustment Costs Finally, adjustment costs may attenuate the driver’s response to fines
and decrease the mass at the corner solution. Under adjustment costs, the driving speed is
given by

= xc’ if[u(mc,e)—p~fl]—[u(l‘*,e)—p'(fl—i—fh)]21/} (4)

¥, if [u(z€,0) —p- f1] = [u(@*,0) —p- (f' + M) <o
The equation 4 demonstrates that only individuals whose gain from reallocating from the
interior solution to the corner solution is larger than the adjustment cost change their
behavior. In other words, fewer individuals react to fines when adjustment costs are present,
implying that we should observe less mass at the fine cutoff compared to a frictionless world.

Figure 9 illustrates the results stated above. Figure 9(a) shows the expected utility
function for three different types. The dashed (solid) line shows the utility from speed
without (with) fines. The medium-type individual may increase utility by moving at corner
solutions z¢ to 80 km/h. However, low- and high-type individuals do not have an incentive
to react to speeding tickets. Low-type’s interior optimum is less than the speed limit,
whereas the expected punishment does not deter the high-type enough.

Figure 9(b) demonstrates the impact of speeding tickets on speed distribution. Solid blue
lines show the distribution without tickets. Black dots illustrates that the notch in expected
punishment moves some people to the corner solution, creating excess mass just below the
speeding limit and a hole above it. Finally, the dashed blue line plots the distribution
when adjustment costs impact drivers’ behavior. The mass concentration below the cutoff
is smaller under adjustment cost.

The model predicts that we should see sharp bunching below when frictions do not exist.
However, adjustment costs attenuate individuals’ responses and bunching. In extreme cases,
the speed distribution may be smooth if individuals consider the expected punishment small

compared to adjustment costs.
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Figure 9: Expected Utility, Speed, and Speeding Distribution
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5.2 A Model with Misspecification and Learning

Next, I present an alternative version of the model in which individuals make speed decisions
using a misspecified model and learn from their past choices. Extensive empirical literature
shows that individuals do not necessarily adjust their behavior to marginal price changes as
a simple economic theory would suggest. One suggested explanation for the muted responses
is that people use the "ironing” heuristic when facing complex non-linear price schedules.
If people find the mental cost of understanding a non-linear price scheme to be high, they
replace the complex version with a linear approximation. In the case of a speeding ticket, the
”ironing” heuristic could arise from the fact that people do not remember the exact details
of the system, or they are just concentrating on many things while driving. (Rees-Jones
and Taubinsky, 2019)

Motivated by literature suggesting that people respond to average prices, I assume that
people replace the complex non-linear penalty scheme with linear approximation. They
start with a prior about the slope of the penalty function that they use to solve for optimal
speed. Since the misspecified penalty function is linear, they cannot end up with a corner
solution, ruling out bunching. The optimal speed determines the signal the individuals
receive. After observing the signal, individuals construct a posterior, which works as the
next period’s prior. Individuals learn myopically, meaning that they do not experiment.

The optimization problem with misspecification and learning takes the form

max BU; = u(x,0) — p - ft(m)y
Tt
where f;(z) = Ba; 4+ f'1[z > 0] stands for individuals’ perceived penalty function at time
t. The slope S is an unknown random variable and according to individual’s prior beliefs
B~ Nugs, 5 1. The known constant equals to low fine f*.
Each period, the individual chooses a speed such that duy(z)/dx — p - Of;(x)/dz = 0.
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If they are caught speeding, they receive a fine that they interpret as a signal. The signal
takes form s; = Btf +n¢,m ~ Nps, 75 1]. If speed is larger than 2", individual receives a large
fine (B'). Otherwise, Btf is BL. After seeing the signal, the individual forms a posterior for
B using the Bayes rule. Since prior and signal are normal random variables, the posterior
is a weighted average of prior and signal: B = %:TT:S (Baley and Veldkamp, 2021). The
relative precision of the prior and signal determine the weights.

The model with misspecification generates the following results related closely to my

empirical exercise.

Proposition 1. Drivers do not bunch below the fine cutoff at time t = 1, generating a
smooth speeding distribution.

For a proof, see Appendix Section C.

The proposition follows directly from the fact that drivers ignore the discontinuity be-
cause they use a misspecified model. In other words, all the drivers locate at their interior

optimum where du(z,n)/0x =p - B , leading to zero excess mass at the fine cutoff.

Proposition 2. Under the assumptions of the model, a driver with type 0 would drive
slower at time time = 2 if she were located just above the cutoff " versus below it at time
t = 1. Furthermore, the size of the reaction increases with the size of discontinuity.

For a proof, see Appendix Section C.

This result means that if a person with type 6 drives faster than the cutoff 2", she will
receive a higher signal compared to a situation in which her speed is lower than z". As
a result, the perceived slope of the penalty function is steeper in the next period if the
individual crosses the threshold. Thus, in the next period, she will slow down. The larger

the discontinuity, the steeper the updated slope, and the larger the individual’s reaction.

Proposition 3. There exists a continuum of individuals [0',0"] whose beliefs and actions
never converge but oscillate around the speeding ticket discontinuity.

For a proof, see Appendixz Section C.

Figure 10 illustrates some of the results stated above. Consider an individual at the
time ¢ who holds a prior represented by a dark blue line in Figure 10(a). Using this prior,
the individual chooses a speed such that du(xz,n)/0x = p - . Assume that that speed is
z*, and hence, she receives a low signal. Let us also suppose that the prior and signal are
equally precise, implying that the posterior is just average between signal and prior. The
dashed light blue line represents the posterior 10(a).

Next, consider another individual who happens to choose a speed equal to 80+¢ where

€ is some tiny number. Due to this minimal difference, the second individual receives a

larger signal, shown by a solid red line. The dashed red line plots the posterior for the
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second individual. Next, individuals choose new speeds using posteriors as their priors.
The individual who received the higher signal due to discontinuity will drive at a slower
speed than the individual who received the lower signal.

Interestingly, if individuals make decisions using a misspecified model and learn from
their actions, there will be some individuals whose beliefs and actions do not converge but
follow cycles (Nyarko, 1991). Figure 10(b) and 10(c) illustrate the result and show how
the individual’s beliefs and speed evolve over time. The individual starts with the belief
that the slope of the penalty is low, chooses a speed over 80 km/h, receives a large fine,
and forms a posterior higher than the prior. The individual chooses a lower speed and
receives a lower signal in the next period. Over time, individual beliefs decrease back to a
low starting level. However, when the individual again thinks the slope is low, she decides

to speed again, leading to a new cycle.

5.3 Predictions of the Models

Table 4 summarizes the predictions from both models. Both models can generate the
zero-bunching result. However, only the model with misspecification and learning predicts
that a larger speeding ticket (vs. smaller) reduces recidivism. Furthermore, under the
misspecification and learning, we may see a fade-out in effect due to cycling beliefs.

The evidence presented in the section 4.2 supports the story that drivers make decisions
using a misspecified model, leading to a smooth speeding distribution. In addition to con-
tinuous speeding distributions, I find that size of the speeding ticket reduces the probability
of reoffending, but the effect fades out over time. The model with misspecification and

learning can explain both of these results.

Table 4: Predictions from the Models

Model with:
Prediction Adjustment Costs Misspecification
Bunching Possibly No
Reactions to larger fine No Yes
Cycle No Possibly

The table lists the predictions from the models presented in the Section 5.
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Figure 10: The Evolution of Speed and Beliefs in the Model with Misspecification and
Learning
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6 Conclusions

This paper studied drivers’ reactions to discontinuous changes in the criminal sanctions
created by the Finnish income-based fine system. First, I find that drivers do not slow and
bunch below the speed at which the fine jumps because of the income-based fine system,
leading to unexpectedly smooth speeding distributions. This result also holds for high-
income drivers experiencing the largest jumps in the size of the fine. However, I show that
drivers are less likely to recidivate in the short term when they are assigned a larger ticket
vs. a smaller one. But the effect fades out after one year.

To reconcile these results, which are not consistent with traditional theory on the impacts
of sanctions in the crime literature, I presented a new theoretical framework. I show that,
theoretically, both adjustment costs and misspecification may explain the smooth speeding
distributions. However, the reactions I document empirically to the size of the assigned fine
and the fade out in effect are only consistent with the model that individuals make decisions
and learn with a misspecified model.

My results have important implications for policies on criminal sanctions. First, the
results suggest that punishments may only have intended consequences if the punishment
schedule is salient enough. Second, individuals may have to be reminded frequently to have

persistent effects.
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Online Appendix

A Figures

Figure A.1: The Number of Crime Reports in Finland
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Note: Figure presents the number of crime reports received by Finnish Police. Source: Statistics Finland

Figure A.2: The Most Common Causes of deaths for 15 to 49 year olds globally in 2019
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Figure A.3: Police Speeding Monitoring Camera

Note: Figure shows an automatic speeding camera used by the Finnish police to monitor speeding.
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Figure A.4: Correlation Between Income Measures
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Note: The figure shows the correlation between income deduced from the size of the income-based fine and
income obtained from the administrative data.
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Figure A.5: The Relationship between Income, Probability of Speeding, and Crime Report
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Note: Figure conducts the same exercise as Figure 2, but does not restrict to households with a car. The
figure plots the relationship between income percentile and the probability of observing the individual in the
Police crime report statistics between January 2018 - May 2020. To construct the figure, I take everyone
18-65 years old in 2015 in Statistics Finland’s total population labor market and demographics data. I
calculate the income percentile by comparing individuals’ mean income over 2015-2017 to those in the same
birth cohort. Blue dots with circles show the share of individuals receiving a speeding ticket in each percentile
between January 2018 and May 2020. Red dots without the circle show the share of individuals in Police
crime report data when the suspected crime is not a traffic offense between January 2018 and May 2020 for
each percentile. Small dots decompose the speeding ticket averages into shares that arise from fixed fines
(blue dots) and income-based fines (grey dots).
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Figure A.6: The Relationship Between Mean Income and Income Percentile
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Note: The figure plots the relationship between mean income and income percentile. To construct the figure,
I take everyone 18-65 years old in 2015 in Statistics Finland’s total population labor market and demographics
data. I calculate the income percentile by comparing individuals’ mean income over 2015-2017 to those in
the same birth cohort.
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Figure A.7: The Relationship Between Income and Crime with Different Specifications
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Note: Figure shows that the relationship between income and crime shown in the Figure 8 is robust to
different specifications. Panel A measures the rank compared to everyone aged between 18-65 in 2015 but
not within the age cohort, as is done in the main figure. Panel B constructs the percentiles as Panel A but
restricts to households with a car. Panel C measures the rank compared to everyone aged between 30-65 in
2015 but not within the age cohort as is done in the main figure. Panel calculates the percentiles as Panel
C but restricts to households with a car.
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Figure A.8: The Speeding Distributions in Police Camera Data

(a) Speeding Distributions
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Notes: The figure presents the speeding ticket distributions in the sample containing speeding tickets assigned
by cameras between Jan 2018 - May 2020. Figure Panel (a) shows the distributions in different speeding limit
areas. The x-axis refers to the speed in km/h, and the y-axis to the number of speeding tickets per km/h.
Vertical dashed lines indicate the points where the average speeding ticket jumps due to the income-based
fine system. Figure Panel (b) pools all the speeding limit zones except 80 km/h together and normalizes
the x-axis to measure the distance from the income-based fine cutoff. The first vertical line highlights the
point at which the fine jumps a fixed amount. The second vertical line highlights the point at which the
income-based fine system kicks in. Figure Panel (c) conducts the same exercise as panel (b) but uses only
the limit zone of 80 km/h.
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Figure A.9: Speeding Distributions for Reoffenders

(a) Speeding Distributions for Reoffenders
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Note: Figure Panel a shows the speeding distributions for individuals with at least one speeding incident in
the past 12 months. The distributions are plotted separately for those who received an income-based fine or
fixed during the past 12 months. Figure panel b plots the difference between the distributions.
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Figure A.10: RDD Estimates with Different Bandwidths
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Note: The figure shows results from a robustness test in which I test whether the RDD estimates are sensitive
to bandwidth choice. Black dots show the RDD estimates that are obtained using equation 2. Black vertical
lines+ plot the 95 percent confidence intervals obtained using standard errors that are clustered at the
individual level. The y-axis shows the size of the RDD estimate. The x-axis indicates the width of the
estimation window. Section 2.3 explains the sample construction.
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Figure A.11: RDD Estimates at the Placebo Cutoffs
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Note: The figure plots RDD estimates [ obtain from a permutation test similar to proposed
by Ganong and Jéger (2018). In the test, I place placebo cutoffs at the non-discontinuity
points and then run the analysis using the equation 2. If the setting is valid, we should not
observe the impact on the outcome since the treatment is the same on both sides of the
cutoff. The placebo cutoffs and bandwidths are always defined so that the individuals on
the right-hand side of the income-based fine cutoff are not used in the placebo check. Black
diamonds report the results from the placebo check. Red dot reports the main estimates.
The vertical lines report 95 percent confidence intervals. Standard errors are clustered at
the individual level. Section 2.3 defines the sample construction.
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Figure A.12: RDD Estimates at the day fine cutoff with different specifications if the
limit 80 km/h is omitted
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Note: Figure shows results from a similar analysis as Figure 7, but using different specifications. Red
dots plot the estimates obtained using Equation (2). Diamonds plot the conventional estimates with con-
trols. Squares report biased corrected RDD estimates obtained using the robust approach by Calonico et al.
(2014b). Triangles plot the biased corrected RDD estimates with controls. Vertical lines behind the esti-
mates show the 95 percent confidence intervals. Standard errors are clustered at the individual level in the
conventional approach. For bias-corrected estimates, the confidence intervals are given by the approach of
Calonico et al. (2014b). Section 2.3 defines sample construction and data. Limit area 80 km/h is omitted
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Figure A.13: RDD Estimates at the Day fine cutoff if 80 km/h limit area is included
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Note: Figure shows results from a similar analysis as Figures 7 and A.12, but also uses 80 km/h limit area.
Red dots plot the estimates obtained using Equation (2). Diamonds plot the conventional estimates with
controls. Squares report biased corrected RDD estimates obtained using the robust approach by Calonico
et al. (2014b). Triangles plot the biased corrected RDD estimates with controls. Vertical lines behind the
estimates show the 95 percent confidence intervals. Standard errors are clustered at the individual level in
the conventional approach. For bias-corrected estimates, the confidence intervals are given by the approach
of Calonico et al. (2014b). Section 2.3 defines sample construction and data.
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Figure A.14: RDD Estimates at the 15 km/h cutoff

(a) limit 80 km/h omitted

AN
S
[ I TNy " NI § 1A NORPRRY | SSRpRpIot § 1 | SRR 1IN PRPRIORS) 101 ORIV § § N AR 7} Spupu i 1 ) iy 11 N NORD | 1 1 Aong 1 ] 4 1
A ’. ?
11l A% Lo A A 1 A ‘.'
o
T2
£
»
w
Oy
Qo
xS
(o}
Q -
e Conventional RDD without controls Conventional RDD with controls
o " Bias corrected RDD A Bias corrected RDD with Controls
v T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12
Months since speeding ticket
(b) limit 80 km/h included
AN
S
d.... P S 1 1 1 A T ST TNy O R Y1 A Iy Wy i sy 11 A 1Y
o £ iy il
An
= a% 4%
i 1 m A% a% A" A’l
O
®C
£
»
w
[a)
35
(o}
o- -
e Conventional RDD without controls Conventional RDD with controls
® | = Bias corrected RDD 4 Bias corrected RDD with Controls

1 2 3 4 5 6 7 8 9 10 11 12
Months since speeding ticket

Note: The figure shows results from a similar analysis as Figures 7 and A.12, but uses variation from the
fixed fine cutoff (15 km/h) where the hike does not relate to an individual’s income. The figure panel (a)
plots the RDD when all limit zones except 120 km/h are included. Red dots plot the estimates obtained
using Equation (2). Diamonds plot the conventional estimates with controls. Squares report biased corrected
RDD estimates obtained using the robust approach by Calonico et al. (2014b). Triangles plot the biased
corrected RDD estimates with controls. Vertical lines behind the estimates show the 95 percent confidence
intervals. Standard errors are clustered at the individual level in the conventional approach. For bias-
corrected estimates, the confidence intervals are given by the approach of Calonico et al. (2014b). Section
2.3 defines sample construction and data. Figure panel (b) conducts the same analysis but drops the 80
km/h limit zone, where I observe bunching.
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Figure A.15: The Impact on Traffic and Non-traffic Crime
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Note: The figure shows results from a similar analysis as Figure 7, but the primary outcome is cumulative
non-traffic criminal activity. The figure plots the RDD estimates of 8 obtained using Equation (2) when
all limit zones except 80 km/h and 120 km/h are included. I use local linear regression with a triangular
kernel. Blue diamonds show the results when the outcome is a cumulative probability of committing a non-
traffic crime. As a comparison, black dots show the results I present in the main figure Figure 7. Vertical
lines behind the estimates show the 95 percent confidence intervals. Standard errors are clustered at the
individual level. Sample construction and data as defined in Section 2.3.
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Figure A.16: RDD estimates when restricting to individuals than can be followed 12

months
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Note: The figure shows results from a robustness check that tests how sensitive my results are to the fact
that I can not follow all drivers the entire 12 months. Black diamonds plot the main estimates shown in
Figure 7. Blue dots restrict the sample to drivers I can follow for 12 months. All the estimates are obtained
using equation 2. I use local linear regression with a triangular kernel. Blue diamonds show the results
when the outcome is a cumulative probability of committing a non-traffic crime. As a comparison, black
dots show the results I present in the main figure Figure 7. Vertical lines behind the estimates show the 95
percent confidence intervals. Standard errors are clustered at the individual level. Sample construction and
data as defined in Section 2.3.
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Figure A.17: RDD Estimates when Outcome Is Created Using Only Speeding Incidents
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Note: Figure shows results from analysis where the outcome is constructed using only speeding incidents.
Black dots plot the main estimates shown in Figure 7 when the outcome is constructed using all traffic
offenses. Blue diamonds show the results when I restrict just to speeding violations. All the estimates are
obtained using equation 2. I use local linear regression with a triangular kernel. Vertical lines behind the
estimates show 95 percent confidence intervals. Standard errors are clustered at the individual level. Sample
construction and data as defined in Section 2.3.
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Figure A.18: Standard and Armstrong and Kolesar (2020) Confidence Intervals
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Note: Figure plots the main RDD estimates with conventional and Armstrong and Kolesér (2020) 95 percent
confidence intervals. Red dots plot the RDD estimates I obtain using equation 2. Vertical lines plot the
conventional 95 percent confidence intervals. The shaded area shows the “honest confidence intervals” of
Armstrong and Kolesar (2020). Standard errors are clustered at the individual level. Sample construction
and data as defined in Section 2.3.

Figure A.19: Average Causal Response
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Figure A.20: The Relationship Between Income and Fine in Groups 4+ 1km/h from Day-
Fine Cutoff
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Note: The figure illustrates the link between income and the size of the speeding tickets within groups below
and above the income-based fine cutoff. Black dots show the relationship in the treatment group whose
speeding tickets vary with income. Blue circles show the same relationship in the treatment group, where
everyone receives a similar fine. Section 2.3 describes the sample creation.
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Figure A.21: The Relationship between Reoffending and Predicted Fines in Treatment
and Control Group
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Note: The figure illustrates the relationship between reoffending and the predicted income-based fines. The
x-axis refers to a predicted income-based fine that an individual would receive based on her income if she
crossed the income-based fine cutoff. The y-axis measures an individual’s probability of reoffending within
six months after the original speeding incident. Black dots show the non-parametric relationship between
predicted income-based fines and reoffending for those who received an income-based fine. Blue diamonds
show the same relationship for those receiving a fixed fine. The black (blue) line shows the predicted values
from linear OLS where reoffending is regressed on predicted fines in a sample of individuals receiving an
income-based fine (fixed fine). A change in slope between black and blue lines identifies the average causal
response parameter under the assumption that income just shifts the level of offending.
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B Tables

Table B.1: The Punishment Schedule

Speed Limit Number of Drift Fixed Fine
Violation (km/h) Income Fines
(1) (2) (3) (4)
Panel A: Speeding limit < 60 km/h
-10 - - 170
10-15 - - 170
16-20 - - 200
21-23 12 8-16 -
24-26 14 10 - 18 -
27-29 16 12 - 20 -
30-32 18 14 - 22 -
33-35 20 16 - 24 -
36-38 22 18 - 26 -
39-41 24 20 - 28 -
42-44 26 22 - 30 -
45-47 28 24 - 32 -

Panel B: Speeding limit > 60 km/h

-10 - - 140
16-20 - - 140
21-23 10 6-14 200
24-26 12 8-16 -
27-29 14 10-18 -
30-32 16 12-20 -
33-35 18 14-22 -
36-38 20 16-24 -
39-41 22 18-26 -
42-44 24 20-28 -
45-47 26 22-30 -
48-50 28 24-32 -

Note: The table shows the punishment schedule Finnish Police used during my study period.
Column (1) shows the speeding limit violation in km/h. Column (2) presents the recommended
number of income-based fines police assign for a given violation. Column(3) shows recommended
range for the number of income-based. Column (4) indicates the size of the possible fixed fine in
euros.
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Table B.2: Descriptive Statistics and Balance check when limit zone 80 km/h is included

All Window +-3 RDD CCT RDD

Mean Mean RDD RDD
(1) (2) (3) (4)

Traffic offence, months t-1 to t-6 0.121 0.135 0.007 0.010
(0.009) (0.011)

Non-Traffic offence, months t-1 to t-6 0.014 0.020 -0.001 -0.002
(0.004) (0.005)

Employed 0.702 0.703 0.002 0.002
(0.011) (0.014)

Unemployed 0.032 0.037 0.011 0.014
(0.005) (0.006)

Outside the Labor Force 0.265 0.260 -0.016 -0.019
(0.011) (0.014)

Monthly Net Income 2,578.336 2,579.275 -23.047 -3.049
(41.784) (51.460)

Primary Education Only 0.164 0.168 0.009 0.011
(0.009) (0.011)

Secondary Education Only 0.439 0.444 -0.013 -0.017
(0.012) (0.015)

Tertiary Education Only 0.397 0.389 0.003 0.005
(0.011) (0.014)

Female 0.328 0.292 -0.012 -0.017
(0.011) (0.013)

Age 47.313 46.053 -0.758 -0.572
(0.387) (0.454)

N of Children 0.829 0.839 0.032 0.043
(0.029) (0.037)

Finnish Speaking 0.893 0.891 0.021 0.024
(0.008) (0.010)

Married 0.499 0.483 0.008 0.014
(0.013) (0.015)

Urban Municipality 0.719 0.716 0.017 0.023
(0.012) (0.014)

Semi-urban Municipality 0.161 0.163 -0.017 -0.021
(0.008) (0.010)

Rural municipality 0.120 0.121 -0.001 -0.005
(0.009) (0.011)

Capital region 0.324 0.295 0.008 0.009

(0.011) (0.014)

Observations 504,529 31,891

Note: The table shows the predetermined characteristics of individuals in the speeding ticket sample and results
from balance checks when a limit zone of 80 km /h is included. Column 1 shows the means of background variables
in the estimation sample. Column 2 presents the means of background variables in the estimation sample after
I restrict it to individuals within +-3 km/h from the income-based cutoff. Column 3 shows results from the
balance check where the dependent variable is a predetermined characteristic. The column reports the estimates
of B that I obtain using the equation 2. Column 4 reports results from the balance check I conduct using the
approach of Calonico et al. (2014a). I cluster standard errors at the individual level.
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Table B.3: Balance check at the 15 Km/H cutoff - all limits included

Dep. Var All Window +-3 Conv. RD CCT RDD
Mean Mean RDD RDD
(1) (2) (3) (4)
Traffic offence, months t-1 to t-6 0.120 0.123 0.007 0.008
(0.004) (0.006)
Non-Traffic offence, months t-1 to t-6 0.014 0.015 -0.001 0.000
(0.002) (0.002)
Employed 0.702 0.698 -0.002 0.002
(0.006) (0.009)
Unemployed 0.032 0.034 -0.002 -0.002
(0.002) (0.003)
Outside the Labor Force 0.266 0.268 0.004 0.001
(0.006) (0.008)
Monthly Net Income 2,583.490 2,576.056 25.851 39.616
(22.282) (30.629)
Primary Education Only 0.163 0.162 -0.004 -0.006
(0.005) (0.007)
Secondary Education Only 0.438 0.438 -0.000 0.001
(0.007) (0.009)
Tertiary Education Only 0.399 0.400 0.004 0.005
(0.007) (0.009)
Female 0.329 0.313 -0.002 0.005
(0.006) (0.009)
Age 47.442 47.106 0.094 -0.150
(0.221) (0.297)
N of Children 0.828 0.824 0.008 0.026
(0.017) (0.022)
Finnish Speaking 0.894 0.893 0.007 0.008
(0.004) (0.006)
Married 0.501 0.500 0.008 0.007
(0.007) (0.009)
Urban Municipality 0.719 0.717 -0.013 -0.019
(0.007) (0.009)
Semi-urban Municipality 0.161 0.162 0.008 0.014
(0.005) (0.007)
Rural municipality 0.120 0.121 0.003 0.004
(0.005) (0.006)
Capital region 0.325 0.310 0.004 0.008
(0.006) (0.009)
Observations 483,866 117,397

Note: The table shows the predetermined characteristics of individuals in the speeding ticket sample and results
from the balance checks from the fixed fine cutoff when all limit zones are included. Column 1 shows the means
of background variables in the estimation sample. Column 2 presents the means of background variables in the
estimation sample after I restrict it to individuals within +-3 km/h from the fixed fine cutoff. Column 3 shows
results from the balance check where the dependent variable is a predetermined characteristic. The column reports
the estimates of 8 that I obtain using the equation 2. Column 4 reports results from the balance check I conduct
using the approach of Calonico et al. (2014a). I cluster standard errors at the individual level.
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Table B.4: Balance check at the 15 Km/H cutoff - limit 80 Km/H omitted

Dep. Var All Window +-3 Conv. RD CCT RDD
Mean Mean RDD RDD
(1) (2) (3) (4)
Traffic offence, months t-1 to t-6 0.121 0.126 0.003 0.004
(0.006) (0.008)
Non-Traffic offence, months t-1 to t-6 0.013 0.014 -0.002 -0.002
(0.002) (0.003)
Employed 0.706 0.704 -0.001 -0.001
(0.008) (0.010)
Unemployed 0.031 0.034 -0.004 -0.005
(0.003) (0.004)
Outside the Labor Force 0.262 0.262 0.005 0.006
(0.007) (0.010)
Monthly Net Income 2,596.016 2,580.653 36.021 54.022
(27.778) (38.068)
Primary Education Only 0.163 0.163 -0.004 -0.008
(0.006) (0.008)
Secondary Education Only 0.434 0.437 0.011 0.012
(0.009) (0.012)
Tertiary Education Only 0.404 0.400 -0.006 -0.004
(0.008) (0.011)
Female 0.332 0.317 -0.003 -0.000
(0.008) (0.011)
Age 47.436 46.940 0.345 0.264
(0.259) (0.361)
N of Children 0.832 0.837 -0.030 -0.022
(0.020) (0.027)
Finnish Speaking 0.887 0.884 0.012 0.017
(0.005) (0.007)
Married 0.504 0.497 0.006 0.005
(0.008) (0.011)
Urban Municipality 0.730 0.718 -0.016 -0.023
(0.008) (0.010)
Semi-urban Municipality 0.160 0.165 0.006 0.010
(0.006) (0.009)
Rural municipality 0.111 0.117 0.009 0.008
(0.006) (0.008)
Capital region 0.340 0.324 0.004 0.002
(0.008) (0.011)
Observations 322,734 74,315

Note: The table shows the predetermined characteristics of individuals in the speeding ticket sample and results
from the balance checks from the fixed fine cutoff when 80 km/h limit zone is omitted. Column 1 shows the means
of background variables in the estimation sample. Column 2 presents the means of background variables in the
estimation sample after I restrict it to individuals within +-3 km/h from the fixed fine cutoff. Column 3 shows
results from the balance check where the dependent variable is a predetermined characteristic. The column reports
the estimates of 8 that I obtain using the equation 2. Column 4 reports results from the balance check I conduct
using the approach of Calonico et al. (2014a). I cluster standard errors at the individual level.
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Table B.5: The RDD estimates from the Income-based Fine Cut-
off (Limit 80 km/h included)

Dep. variable: P(Traffic offence between time 14t)

Time (t) Mean RDD RDD RDD BW Obs.

(1) (2) (3) (4) G) (6 (7

1 0.044  -0.005 -0.005 -0.007 3 31,891
(0.005)  (0.005) (0.006)

2 0.070 -0.010 -0.011 -0.013 3 31,891
(0.006) (0.006) (0.008)

3 0.093 -0.017 -0.018 -0.021 3 31,891
(0.007)  (0.007) (0.009)

4 0114 -0.021 -0.021 -0.024 3 31,891
(0.008)  (0.008)  (0.009)

5 0.132 -0.025 -0.027 -0.030 4 37,760
(0.009)  (0.009) (0.010)

6 0.149 -0.019 -0.020 -0.022 5 48,890
(0.009)  (0.009) (0.011)

7 0.167 -0.019 -0.020 -0.022 5 46,389
(0.009) (0.008) (0.010)

8 0.185 -0.020 -0.021 -0.024 4 39,176
(0.010)  (0.009) (0.012)

9 0.204 -0.025 -0.027 -0.030 3 26,289
(0.011) (0.011) (0.014)

10 0.221 -0.022 -0.023 -0.026 3 29,405
(0.012) (0.012) (0.015)

11 0.238 -0.015 -0.016 -0.019 4 36,999
(0.012) (0.012) (0.015)

12 0.248 -0.017 -0.019 -0.021 4 35,008

(0.014) (0.013) (0.017)

Note: The table shows the RDD estimates from the income-based fine cutoff
when the limit zone of 80 km/h is not omitted. The outcome is the probability
that an individual commits another traffic offense 1 to ¢ months after the
initial speeding ticket. Column(2) shows the mean of the outcome for those
just on the left-hand side of the cutoff. Column (3) presents the RDD estimates
obtained using equation 2. Column (4) shows results from a similar analysis but
with controls. Column (5) reports biased corrected RDD estimates obtained
using the robust approach by Calonico et al. (2014b). Column (6) shows the
bandwidth selected using methods of Calonico et al. (2014b). Column (7)
shows the number of observations. In columns (3) and (4), standard errors
in the parentheses are clustered at the individual level. For bias-corrected
estimates, the confidence intervals are given by the approach of Calonico et al.
(2014b). Sample construction and data as defined in Section 2.3.
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Table B.6: The RDD estimates from the fixed fine cutoff (15 km/h) when
limit 80 km/h omitted

Dep. variable: P(Traffic offence between time 1+4t)

Time (t) Mean RDD RDD RDD BW Obs.

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

1 0.031 0.000 0.000 0.001 3 74,315
(0.003) (0.003) (0.004)

2 0.056 -0.004 -0.004 -0.004 3 74,315
(0.004) (0.004) (0.005)

3 0.077 -0.006 -0.005 -0.007 3 74,315
(0.004) (0.004) (0.006)

4 0.097 -0.006 -0.006 -0.008 3 74,315
(0.005) (0.005) (0.007)

5 0.117 -0.010 -0.009 -0.012 3 73,695
(0.005) (0.005) (0.007)

6 0.134 -0.011 -0.010 -0.013 3 71,084
(0.006) (0.005) (0.008)

7 0.150 -0.008 -0.008 -0.010 3 68,069
(0.006) (0.006) (0.008)

8 0.165 -0.010 -0.010 -0.012 3 64,876
(0.006) (0.006) (0.009)

9 0.180 -0.010 -0.010 -0.011 3 61,023
(0.007) (0.007) (0.009)

10 0.196 -0.005 -0.005 -0.007 3 56,918
(0.007) (0.007) (0.010)

11 0.213 -0.005 -0.005 -0.008 3 53,606
(0.008) (0.008) (0.011)

12 0.227 -0.006 -0.005 -0.011 3 50,517
(0.008) (0.008) (0.012)

Controls v

CCT Estimator v

Note: The table shows the main RDD estimates from the fixed fine cutoff when the limit
zone of 80 km/h is omitted. The outcome is the probability that an individual commits
another traffic offense 1 to ¢ months after the initial speeding ticket. Column(2) shows
the mean of the outcome for those just on the left-hand side of the cutoff. Column (3)
presents the RDD estimates obtained using equation 2. Column (4) shows results from a
similar analysis but with controls. Column (5) reports biased corrected RDD estimates
obtained using the robust approach by Calonico et al. (2014b).Column (6) shows the
bandwidth selected using methods of Calonico et al. (2014b). Column (7) shows the
number of observations. In columns (3) and (4), standard errors in the parentheses are
clustered at the individual level. For bias-corrected estimates, the confidence intervals
are given by the approach of Calonico et al. (2014b). Sample construction and data as
defined in Section 2.3.
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Table B.7: The RDD estimates from the fixed fine cutoff (15 km/h)
when limit 80 km/h is included)

Dep. variable: P(Traffic offence between time 14t)

Time (t) Mean RDD RDD RDD BW Obs

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

1 0.032 0.000 0.000 0.001 3 117,397
(0.002) (0.002) (0.003)

2 0.055 -0.003 -0.003 -0.002 3 117,397
(0.003) (0.003) (0.004)

3 0.077  -0.003 -0.003 -0.004 3 117,397
(0.003) (0.003) (0.005)

4 0.097 -0.005 -0.005 -0.007 3 117,397
(0.004) (0.004) (0.005)

5 0.116  -0.007 -0.007 -0.010 3 116,421
(0.004) (0.004) (0.006)

6 0.134  -0.008 -0.009 -0.010 3 112,383
(0.005) (0.004) (0.006)

7 0.149 -0.007 -0.008 -0.008 3 107,688
(0.005) (0.005) (0.007)

8 0.165 -0.009 -0.010 -0.010 3 102,223
(0.005) (0.005) (0.007)

9 0.181 -0.012 -0.012 -0.013 3 96,579
(0.006) (0.005) (0.008)

10 0.198 -0.011 -0.011 -0.012 3 90,506
(0.006) (0.006) (0.008)

11 0.214 -0.009 -0.010 -0.011 3 84,956
(0.006) (0.006) (0.009)

12 0.228 -0.010 -0.010 -0.012 3 79,904
(0.007)  (0.007) (0.009)

Controls v

CCT Estimator v

Note: The table shows the main RDD estimates from the fixed fine cutoff when the
limit zone of 80 km /h is not omitted. The outcome is the probability that an individual
commits another traffic offense 1 to ¢ months after the initial speeding ticket. Column
(2) shows the mean of the outcome for those just on the left-hand side of the cutoff.
Column (3) presents the RDD estimates obtained using equation 2. Column (4) shows
results from a similar analysis but with controls. Column (5) reports biased corrected
RDD estimates obtained using the robust approach by Calonico et al. (2014b).Column
(6) shows the bandwidth selected using methods of Calonico et al. (2014b). Column
(7) shows the number of observations. In columns (3) and (4), standard errors in
the parentheses are clustered at the individual level. For bias-corrected estimates, the
confidence intervals are given by the approach of Calonico et al. (2014b). Sample
construction and data as defined in Section 2.3.
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Table B.8: RDD Specification Check

Dep. Variable RDD RDD CCT RDD
(1) (2) (3) (4)
Jump in fines 203.156  205.605 213.546 213.274
(8.076 ) (7.574) (10.310) (12.045)
P(Reoffends) -0.021 -0.022 -0.027 -0.034
(0.009)  (0.009) (0.011) (0.015)
Controls v v va
Polynomial v
Bandwidth 4 4 4.020 4
Mean at the left side 0.130 0.130 0.130 0.130
Observations 31,920 31,899 326,575 31,899

Note: The table shows the RDD estimates with different specifications. In the
first row, the outcome is the total amount of fines. In the second row, the out-
come is the probability of reoffending within six months. Column (1) shows the
main RDD estimates obtained using equation 2. Column (2) presents results
when controls are added to the specification. Column (3) shows the results
obtained using the approach of Calonico et al. (2014b). Column (4) shows
results when I add a quadratic term to the RDD specification. Standard errors
clustered at the individual level. Sample construction and data as defined in
Section 2.3
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C Proofs

Proof of Proposition 1

Proof. Individuals solve

max EU; = u(x,0) — p - fe(z) - x4.
Tt
First order condition giving the optimal speed x* is
ou(x,0)/0x —p - 0fy(x,0)/8x =0 (5)

since drivers ignore the discontinuity and use linear approximation of the penalty func-
tion. Thus, all individuals locate in their interior optimum where the equation 5 holds.
Because 6 has a continuous distribution, speeding distribution will be continuous, implying

that there exists zero excess mass at the cutoff "
O

Proof of Proposition 2

Proof. Individuals solve

max BU; = u(x,0) —p - fe(x) - 4.
t
O

where fi(x,) = Bz + f'[z > 0]} is individuals’ perceived penalty function at time
t. The slope 8 is an unknown random variable and according to individual’s prior beliefs
B~ Nlug, Ty 1. The known constant equals to low fine f'. When an individual is caught,
she receives a fine that they interpret as a signal. The signal takes the form s; = Btf +

Ne,1 ~ N s, 771, If speed is higher than 2", then the individual receives a large fine (3").

Otherwise, ,Btf is 6%. The posterior is given by: B = %:TZSS
Proof of Proposition 3
Proof. The optimization problem may be stated as
2
max FU =0z — — — (3 - .
T 2

Note I have dropped the time subscript since I am considering the steady state. The

true penalty function is

Oifz=0
fl@)=9Q flif0 <z <ah (6)

flif x> ah.
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If actions converge, they converge to a steady state where two conditions have to hold.

First order condition: 6 —z* — 5 =0 (7)
Surprise function: T'(z) = f(z*) — f(z*) =0, (8)

where f(ac,) = Bx + f[r > 0] . Equation 7 is just a standard first order condition.
Equation 8 implies that in the steady state the fine individual receives has to be equal to
the predicted one. Otherwise, she will update the penalty function, and hence the selected
speed can not be steady state. In other words, the steady state has to locate in a place
where perceived penalty function and true penalty function cross.

We can combine equations 5 and 8 to obtain

9::16*—1—fhx_*fl]1[x > 2" 9)

It follows directly from equation 9 and continuity of types that there is a continuum of
types whose beliefs do not converge, and follow cycles. Note that #' is a type whose optimal
speed is exactly at z"

O

D Dose-Response Parameter

My main RDD estimate identifies the average change in reoffending when the fine increases,
on average, by 200 euros. The estimate is important and has causal interpretation under
standard RDD assumption. However, applying the estimate for policy purposes may be
challenging. For example, if the question is how much the reoffending changes if the fine
increases by one euro, the beta does not offer a direct answer since the variation comes from
much larger hikes.

Figures 8(a) and 8(b) demonstrates that high-income individuals experience a larger
jump in the size of the fine at the income-based fine cutoff than low-income individuals.
Further, after receiving the larger fine, high-income individuals are less likely to recidivate
than low-income individuals. The interesting question is, what can we learn from this
heterogeneity?

Next, I provide a result clarifying which assumptions guarantee that the comparison of
income group-specific RDD estimates identifies the dose-response parameter, which reveals
how a marginal change in the size of the fine affects reoffending. My approach closely
follows the paper by Callaway et al. (2021). More formally, I define that my dose-response

parameter is equal to their average causal response on the treated parameter ACRT(d,d)
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ACRT(dj,d;) = E[Y (dj) = Y(d)|d = dj],

where d refers to size of the does and d; > d.

Next, assume that we estimate RDD parameters d;, and 9; for groups whose incomes are
h and [ such that h > [. The difference between d; and §; identifies the ACRT parameter
under standard RDD assumptions and one additional assumption. The new additional
assumption states that individuals who are at the margin of receiving similar doses may
react differently to similar doses. However, this difference has to be constant between
different levels of treatment. In other words, the assumption says income is just a level

shifter. More formally, the assumption means:

Assumption 1. For marginal individuals j, 7 — 1:
E[Yj(@™1)] = E[Y;—1(&~))] = E[Y;(d")] - E[Yj1(d")] Vi,

The following proposal shows that we can decompose the difference between income
group-specific RDD estimates into an average causal response parameter and two other

differences that capture how individuals with different incomes react to equal fines.

Proposition 4. Under assumptionl and for doses d", d', d, and RDD estimates 6", &'

5h . 5l —
E[Y;,(d")|S = so] — E[Y(d')|S = so]
Average Marginal Causal Response

HE[YR(d')|S = so] — E[Yi(d")[S = so]) — (E[Y4(d)]S = so] — E[Yi(d)|S = s0])]

Proof. Under the standard sharp RDD assumptions, RDD estimate may be written as

6 = E[Yi(d) — Yi(d)[Si = so]
= E[Y;(d)[S = so] — E[Yi(d)|S = s0]
= lim E[Y;(d)|S; = s] — lim E[Y;(d)|S; = s]
sdso sTso
where S is the running variable, sg is the income-based fine cutoff, and d > d are doses
of fines. Assume we have two income groups, d and [ such that they receive fines d”, d'
if they cross the income-based fine cutoff. Based on the above, sharpRDDestimates for

income groups may be written as
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§" = E[Y(d")|S = so] — E[Y4(d)|S = s0]
&' = E[Yi(d")|S = so] — E[Yi(d)|S = s0].

Furthermore, the difference between sharp RDD estimates maybe be written as

oh — ot =
E[Y,(d")]S = so] — E[Ya(d)|S = so] — (E[Yi(d")|S = s0] — E[Yi(d)|S = s0))

Next, let us add and subtract E[Y},(d")|S = s¢], and reorder the terms

o — ot =

E[Y;,(d")|S = so] — E[Y5,(d")|S = s
+(E[Yn(d)|S = so] — E[Yy(d")|S = s0])
—(E[Yn(d)|S = so] — E[Yi(d)|S = s0])]

O

The proposal implies that if the assumption 1 holds, then the comparison of income-
specific RDD estimates identifies the ACRT parameter. Figure A.19 illustrates the result
of proposition 4. We want to compare points A and E, but we do not observe point E.
We know that the comparison of points A and B is biased. TheRDDestimates identify the
comparisons A-C and B-D. Suppose it holds that groups h and [ react differently to similar
doses. However, this difference does not vary with the dose level. In that case, comparisons
between differences between A-C and B-D identify ACRT parameters.

There are a few reasons why comparing income-specific RDD estimates may be prob-
lematic. First, the assumption 1 is strong. Nevertheless, Figure 8(b) shows individuals’
reaction to a small fixed fine hike does not systematically vary with income, providing
supportive but suggestive evidence for assumption 1. The second concern is that I would
have to split the sample into tiny groups to get marginal changes in the size of the fines
between groups. However, when I split the sample into quartiles based on income, there is
still a large variation in the speeding ticket hikes between groups, but estimates are already
relatively imprecise.

To get around the second problem. I utilize a different approach that takes advantage of
the fact that an income-based fine system creates a continuum of fines on the right-hand side

of the cutoff. I have individuals who are locally randomized to treatment and control groups
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at the income-based fine cutoff under the standard RDD assumptions. In the treatment
group, an individual’s income sets the size of the fine dose. Hence, observed differences in
reoffending between individuals who receive a small and large fine may reflect AC RT},(d").
In the control group, everyone receives an equal dose. Thus, I can use the control group to
eliminate bias under the assumption 1.

Figures A.20 and A.21 illustrates the idea. Figure A.20 plots the size of the speeding
ticket in the control and treatment groups. Next, I use an individual’s net annual income
to calculate predicted income-based speeding tickets for each individual in the control and
treatment groups. The predicted income-based speeding ticket tells what the size of the
speeding ticket would be if an individual crossed the income-based fine cutoff. Then, I run
OLS regression, where I explain reoffending with predicted speeding tickets separately in
the treatment and control groups.

Figure A.21 plots the predicted values from the regression. The black line shows the
estimates for individuals who receive an income-based fine. The line has a negative slope
implying that those who receive larger speeding tickets are less likely to recidivate. However,
it is unclear what part of the association is caused by dose-response and what is due to bias.
The blue line plots the same relationship in the control group, where everyone, in reality,
receives an equal dose. Since individuals are randomly assigned to treatment and control
groups at the cutoff, the change in the slope between the control and treatment groups
captures the ACRT if assumption 1 holds.

I can identify the change in the slope at the cutoff using the following regression
Yi = o +7vSu+0Su x Zy+ BZy+ 61Fy + 0:Fy x Ziyj + X'p + ¢ (10)

where Yj; is the outcome variable that takes value 1 if an individual has reoffended within
t months after the original speeding ticket, 5;; is the running variable, and Z;; is a binary
variable indicating whether individual crossed the income-based fine cutoff. Variable Fj
measures the predicted fines, and X is a vector that may contain controls and other inter-
actions. Our main interest is on parameter 3;, which captures the change in the relationship
between predicted fine and reoffending at the cutoff. In other words, it identifies AC'RT'(d)

that captures how the probability of reoffending changes when the fine increases marginally.
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