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Abstract

We examine enforcement patterns in administering parking tickets for failure to pur-
chase vehicle registration, colloquially known as the sticker fine, across ticketing agen-
cies in Chicago. Leveraging a sharp 2012 sticker fine increase in an event-study frame-
work, we find that Chicago police increased their enforcement of sticker non-compliance
across Black relative to non-Black neighborhoods, but find no disparate response in
the ticketing behavior of other parking enforcement agents. This significant disparity
in ticketing by police officers is not driven by changes in compliance or differences in
neighborhood characteristics, but rather differential enforcement. We present sugges-
tive evidence of differences in officer incentives and marginal parking enforcement costs
as key mechanisms. An officer-specific decomposition provides evidence that disparate
enforcement is not concentrated among a small handful of officers, but is instead a
broader departmental phenomenon. We link this disparate enforcement to a widening
of the financial instability gap across neighborhoods, including increased rates of ticket
non-payment and bankruptcy filings.
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1 Introduction

In the United States, parking fines are one of the major revenue generators for heavily
populated cities. For example, Chicago raised $264 million from parking citations in 2016,
equivalent to an annual $97.20 per-capita tax; similarly, New York City raised $565 million
from parking fines alone in 2015 (Diskin, 2019; Digital Editors, 2021). The ability of the
city to raise its revenue from these types of fines not only depends on the enforcement and
collection policies it has in place, but also on residents’ ability to pay these fines. As noted
by past research and by policymakers, the reliance on local revenue from these fines and fees
can have significant economic consequences on residents, especially those with lower ability
to pay (Makowsky and Stratmann, 2009, 2011; U.S. Department of Justice Civil Rights
Division, 2015).1

However, local governments must rely on agents to enforce parking violations, including
police officers, parking enforcement aides, or other third-party contractors. Thus, the equity
and efficiency of parking enforcement across neighborhoods are entirely dependent on the
agents whom the local government hires. Consequently, agents may disparately enforce vio-
lations across areas if they are maximizing a different objective function than the government
- for example, minimizing search costs or focusing on alternative, non-parking enforcement
responsibilities.2 To the extent such wedges between government and agent exist and are
correlated with racial and ethnic divisions within a metropolitan area, agents may respond
to collection incentives in ways that generate disparate outcomes in the population while
also negatively harming revenue.

In this paper, we examine whether an increase in motor vehicle registration, which we
refer to as “stickers,” and its fine for non-compliance affected parking enforcement patterns
in Chicago. Specifically, this policy, implemented in 2012, increased the cost of vehicle
registration from $120–$135, an 11% increase, and the fine for registration non-compliance
from $120–$200, a 67% increase. Thus, it simultaneously made compliance more expensive
and enforcement significantly more profitable relative to other parking fines. The aggressive
enforcement coupled with the punitive parking system had severe consequences on Chicago
residents, particularly in predominantly Black neighborhoods. While Black neighborhoods
accounted for only 22% of tickets, they accounted for 40% of all debt with the average debt
doubling from $1,500 in 2007 to $3,900 by 2017 (Sanchez and Ramos, 2018).

1Propublica estimates that unpaid parking debt alone in Chicago totals over $1.6 billion debt, with an
average debt of $3,900 per ticket (Samuelson, 2018).

2There is a long literature examining multi-task principal-agent models and empirically investigating
agent responses in the face of differing incentives. For example, see Holmstrom and Milgrom (1991) and
Aghion and Tirole (1997) for the canonical theory, and Jacob and Levitt (2003) and Knutsson and Tyrefors
(2022) for empirical work in the context of teachers and ambulances, respectively.
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Since both Chicago Police Department (CPD) and other agents, primarily but not exclu-
sively parking enforcement agents (PEA or non-CPD), can enforce municipal parking laws,
we separately examine the impact of the sticker tax increase on both types of agents, with
the major distinction being that while PEAs are evaluated on their ticketing productivity,
CPD officers are not.3 Furthermore, CPD officers have additional responsibilities to “work
for the benefit of its citizens by protecting life and property from harm and maintain or-
der” (Department of Human Resources, 2023). Thus, the budget reform provides a unique
opportunity to evaluate how governments use different incentives across various agents to af-
fect revenue-generating enforcement and the downstream impact this has across the resident
population.

To test for disparate enforcement across the two types of agents, we use administra-
tive parking ticket data from 2007 to 2018 in Chicago and a difference-in-differences (DiD)
framework to estimate the relative change in sticker enforcement across various types of
neighborhoods, focusing on Black versus non-Black due to the purported claims of disparate
impacts from the general public.4 Given that the two types of agents issue parking tickets,
we separately estimate the change in enforcement for CPD and non-CPDs agents. Across
Black versus non-Black neighborhoods, our results show consistent evidence of a disparate
response for CPD-issued tickets. Specifically, we find that CPD sticker enforcement in-
creased by 2,100 more tickets in Black relative to non-Black neighborhoods; additionally, we
also find that non-sticker ticket enforcement significantly increased by nearly 11,000, despite
the non-sticker fines remaining largely the same. We interpret these patterns as evidence
of a broader revenue collection effort. Our results also show evidence of differential substi-
tution between ticket types between Black and non-Black neighborhoods with CPD sticker
enforcement in Black neighborhoods increasing by 3.8 percentage points (p.p.) more than
non-Black neighborhoods. While we also find a substantially lower average increase of 1.1
p.p. for parking tickets issued by PEA, these results are subject to the caveat of less visually
stable pre-trends.

Given that both the cost of registration and the fine increased simultaneously, the dis-
parate impact could reflect disparate enforcement or differential compliance across Black and
non-Black neighborhoods.5 Using neighborhood sticker purchasing data at the neighborhood
level from 2007–2018, we are able to rule out the latter. Through a decomposition exercise,

3Throughout, we refer to parking enforcement agents as PEA or non-CPD interchangeably.
4We also stratify across income and ability to pay and do not find similar patterns of disparate enforcement

for CPD and non-CPD issued parking tickets.
5Variation in neighborhood characteristics (e.g., number of parking meters) and its residents (e.g., number

of vehicle owners with valid registration) may also lead to differential non-compliance across geographies
which could warrant differential enforcement, holding fixed policing patterns.
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we find that 88% of the change in the volume of sticker tickets in Black neighborhoods is
driven by the change in enforcement, rather than compliance. Furthermore, when compared
to the change in non-Black neighborhoods, we find that virtually all of the change in sticker
tickets is driven by changes in policing behavior. We conclude the increase in sticker enforce-
ment is almost entirely driven by CPD’s policing patterns, rather than changes in resident
behavior.

CPD’s increased enforcement in Black neighborhoods relative to non-Black neighbor-
hoods also had downstream implications on the source of collected revenue and financial
outcomes (e.g. bankruptcy) of those ticketed. At the ticket level, we find that revenue per
ticket decreased by $31 more in Black neighborhoods relative to non-Black neighborhoods,
indicating increased instances of nonpayment and financial strain.6 Specifically, we estimate
a 9.4 p.p. decrease in the likelihood of payment and 1.4 p.p. increase in the likelihood of
declaring bankruptcy per ticket issued in Black neighborhoods, relative to non-Black neigh-
borhoods. The increased sticker enforcement neighborhood level by CPD also shifted the tax
burden from non-Black neighborhoods to Black neighborhoods. Collected revenue increases
by over $200,000 more in Black neighborhoods relative to non-Black neighborhoods, which
represents an increase of $4 more in per capita terms.7 In sharp contrast, non-CPD agents
collect greater revenue from non-Black neighborhoods.

Given the starkly different responses in enforcement between non-CPD and CPD officers
to the increase in the sticker fine, we conduct a series of exercises to better understand
the mechanisms behind the differential responses. Using alternative non-race neighbor-
hood characteristics, we show that CPD officers increased their sticker ticket enforcement
in neighborhoods with high pre-reform sticker ticket concentrations, while non-CPD officers
are relatively unresponsive along this margin. Moreover, we show that between 2011 and
2012, CPD enforcement increased nearly 50 percent on the first day the sticker fine was
enforceable, almost three times the corresponding non-CPD change. Linking these results
to institutional details on the responsibility set and evaluation criteria of agents across each
department, we argue that non-CPD behavior was already at an optimum point and that
their non-response to the policy is due to maximizing ticket volume rather than collected
revenue or concentrating on ticket type. In contrast, CPD officers issue tickets as one of
many distinct responsibilities, suggesting that increasing emphasis on sticker tickets from an
incentive standpoint may be inefficient both in an equity and revenue collection sense.

Indeed, when examining the joint distributions of neighborhood-level tickets and sticker
6While we also find broadly similar estimates for tickets issued by PEAs, these results are partly a function

of noisier pre-trends, and so we interpret them with caution.
7Average population in a Black neighborhood is approximately 51,000.
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purchases, we find that non-CPD enforcement behavior is virtually uncorrelated with changes
in sticker purchases across neighborhood types, while CPD responses exhibit sharply distinct
patterns, both in slopes and levels. When correlating changes in enforcement with pre-reform
neighborhood characteristics, we consistently find greater levels of CPD enforcement in Black
neighborhoods, even across neighborhoods that share similar rates of ticket-to-purchase ra-
tios or ticket payment rates. Taken together with anecdotal evidence on parking patterns
across neighborhoods (e.g., street vs. garage parking), we conclude that the lower marginal
search cost of ticketing in Black neighborhoods, combined with the increased incentive to
write sticker tickets plays a key role in generating the disparate patterns we find.

Finally, we estimate officer-specific responses to the budgetary reform and show that
between 60-86 percent of officers increase their sticker ticketing volume after the fine increase.
Consistent with our aggregate results, the marginal sticker ticket is also almost twice as
likely to be written in a Black neighborhood than in a non-Black neighborhood. Regressing
officer characteristics against our estimated policy responses reveals few strong correlations,
but the empirical patterns we observe can also not be fully explained by the neighborhood
demographics of officer assignments. Instead, we conclude that the disparate enforcement
across neighborhoods was part of a broader departmental phenomenon and revenue collection
effort in response to the budget reform and existing deficit.

This paper builds empirical evidence on incentives and the behavior of public sector
agents and their role in revenue generation for local governments.8 We build on prior work
studying the responses of police officers to pay (Mas, 2006) and opportunities for overtime
compensation (Chalfin and Goncalves, 2021). We show that police officers in our setting
are responsive to governmental revenue goals in ways that are not present among contracted
agents, likely due to differences in incentives across agencies, and that this response leads to
disparate revenue collection and financial outcomes in the population.9

Our results also contribute to the growing body of literature studying disparate policing
in the United States.10 Notably, our findings align with Goncalves and Mello (2021), who
also find racial disparities in officer discretion when issuing speeding fines. Using a bunching
estimation design, they find that officers are more likely to be lenient with white drivers,
thus reducing their speeding fines. In our context, officer’s ticketing choice is less likely to
be confounded with concerns for public safety than in other contexts. For example, failing

8For theoretical work in this area, see Prendergast (2007, 2008) and for a review on incentives and decision
making, see Kamenica (2012).

9See Harvey (2020), Goldstein, Sances, and You (2020), and Makowsky, Stratmann, and Tabarrok (2019)
for previous work on enforcement incentives, revenue collection, disparities, and the trade-off in law enforce-
ment responsibilities.

10See Owens and Ba (2021) for a comprehensive literature review on policing and disproportionate burden
across demographic subgroups.
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to stop a speeding driver in the case of highway ticketing choice could have more severe
consequences than failing to ticket an improperly parked car. Furthermore, given our rich
data, we can cleanly measure the monetary and revenue implications of disparate policing.

Recent work on financial sanctions in the justice system has found mixed evidence of
the impact of these sanctions on individual outcomes. Recent work by Pager et al. (2022)
and Finlay et al. (2023) shows that financial sanctions resulting from a criminal conviction
have no long-term or short-term impact on labor market or recidivism outcomes. However,
Goncalves and Mello (2023), Mello (2023), Kessler (2020), and Hansen (2015) have found
negative impacts on financial outcomes but reduced recidivism from harsher fines.

2 Institutional Background and Setting

2.1 Black-White Gap in Financial Security in Chicago

Chicago is often recognized as one of the most segregated cities in the United States, which
many attribute to the stark inequality in outcomes across race. These are reflected in
statistics published by PropserityNow in 2016: the unemployment rate of workers of color is
three times greater than the rate for white workers; white-owned businesses are valued more
than 12x the value of Black-owned businesses; median household income for a Black family
is $30,303, less than half for a white family ($70,960).

2.2 Chicago Parking and the Sticker Tax Increase

The city of Chicago relies heavily on parking ticket revenue, with 7 percent of its 3.6 billion
dollar operating budget coming from the fines it collects. Each year, the city issues over
3 million tickets for parking violations, vehicle compliance, and automated traffic camera
violations (Sanchez and Kambhampati, 2018). One major, unique feature of Chicago parking
is that the fine has no statute of limitations, which means that parking debt can follow the
driver for his entire lifetime.11

Chicago’s parking fine is particularly punitive for a variety of reasons. If the fine is
unpaid for a certain amount of time, the fine doubles. After three unpaid parking tickets,
red light tickets, or speed camera tickets within a year or two unpaid parking tickets, red
light camera tickets, or speed enforcement tickets that are one year past due, the car can
be impounded or booted, and the vehicle owner receives a seizure notice. After ten or more
non-moving violations (parking tickets) or five unpaid tickets from automated red-light or

11This, and Chicago’s reliance on parking fine revenue are both unique features to the city. In contrast,
Los Angeles and New York City have statutes of limitation that are 5 and 8 years, respectively. Moreover,
parking fine revenue accounts for only 5 percent of the annual budget in Los Angeles.
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speed cameras, the city of Chicago will suspend the vehicle owner’s driver’s license. Drivers
can choose to enter into a payment plan with the city, but the payment plan is not designed
for ticket holders with high fees. To qualify for the standard payment plan, the driver must
pay a $1,000 down payment on total vehicle debt plus payment in full on any tow, boot,
or storage fees. If the driver is unable to commit to a plan, the driver can then declare
bankruptcy. Chicago also has anti-scofflaw rules that prevent those with unpaid tickets or
debts to the city from accessing contracts, licenses, or grants. For example, municipal jobs,
such as driving a taxi or teaching in a classroom, are inaccessible for those with unpaid
parking tickets.

Column (1) of Table 1 shows the top ten parking tickets by total revenue collected from
2007 to 2011. The most issued ticket has a fine of $60. Out of the top tickets, only three are
related to parking quality or parking permissions (residential permit parking, expired meter,
parking in prohibited areas). Four of the most popular tickets are related to having correct
licensing or registration.

The most punitive of the parking fines is for failing to properly display the city sticker
on the car windshield. The city sticker, which is colloquially known as the ‘sticker tax,’ is
an annual registration fee that Chicago residents with vehicles must pay to own a vehicle in
the city. While the registration is relatively cheap at only $75 for sedans and $120 for larger
passenger vehicles, the fine for failing to buy the sticker or failing to display the sticker is
almost double that of the next expensive ticket, at $120 plus a $40 late fee. In October 2011,
Mayor Rahm Emmanuel announced the city would be raising the registration fee for the
stickers from $75 to $85 for smaller passenger vehicles and $120 to $135 for larger passenger
vehicles (Civic Federation, 2012).12 Further, the fine for not paying the tax would increase
by two-thirds, from $120 to $200. Both the registration and fine increases were ostensibly
motivated by a need to pay for fixing Chicago streets. The increases were announced in
October 2011 to be enacted in January 2012.

This fee increase was announced in conjunction with other aggressive revenue-generating
policies in an attempt to close a $637 million dollar projected deficit in the 2012 budget
(Emanuel, 2011). One of these policies was an aggressive debt collection plan that directly
affected how the city collected and enforced payment of parking ticket fees. Specifically, this
plan would allow the city to begin garnishing the wages and tax returns for high debtors.
Once the maximum amount of fees had been levied, the city could garnish drivers’ state
tax returns and 15% of wages (Andriesen, 2012). The stated goal of this aggressive debt
collection plan for parking and traffic infractions was to reduce employee indebtedness and

12Vehicles with a curb weight less than 4,500 pounds are defined as small passenger vehicles. Vehicles with
curb weight between 4,501 to 16,000 pounds are defined as large passenger vehicles.
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to hold rental car companies accountable for their parking fines (Ruthhart and Reporter,
2014). For city employees, the mayor announced additional punishments for scofflaws. For
example, City Hall workers could face suspension or be fired for owing anywhere between
$250 to $1000 and more (Ruthhart and Reporter, 2014).

Both the Chicago police and parking enforcement agents (PEA or other non-CPD agen-
cies) can issue parking citations in neighborhoods. PEAs are allowed to enforce non-moving
ordinances in Chicago and are both employed directly by the city as well as through a
third-party firm. In order to increase efficiency and maximize revenue, PEAs believe they
are oftentimes evaluated based on their ticketing productivity and are sometimes promoted
based on their tickets per shift.13

On the other hand, Chicago police officers’ main job is not parking enforcement, and their
parking ticket productivity is not as important. In recent years, Chicago policymakers have
been shifting toward banning traffic ticket quotas for police officers. In 2019, Illinois passed a
law explicitly forbidding law enforcement agencies from evaluating personnel based on their
ticket-issuing productivity. Prior to the passage of the law, CPD had been criticized for
mandating a minimum number of traffic stops (Main, 2017). To the best of our knowledge,
any reference to ticket quotas by CPD was in relation to traffic infractions and not parking
tickets.

3 Data

ProPublica Illinois, in partnership with WBEZ Chicago, obtained parking ticket data from
the city of Chicago from 2007 to 2018 and released this data publicly. The data include
information on the date and time of the ticket, where the vehicle was parked, the badge
number of the ticketing officer, de-identified license plates, make, registration zip code, ci-
tation reason, and, importantly, the payment status of the vehicle. This payment status
includes information on the ticket outcome, such as whether the vehicle owner received a
notice of seizure, whether the vehicle owner received a notice of driver’s license suspension,
and whether the vehicle owner declared bankruptcy as a result of the ticket. It also includes
information on how much of the fine remains unpaid, the date of the last payment, and the
initial fine amount.

A key object of analysis for this paper is the area the ticket was given. We consider
two levels of aggregation zip codes in two levels of detail: zip code and Census tract. The
raw ticketing data does not include zip code or tract of violation location. To recover this

13This is based on reading work testimonials from Indeed.com.
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information, we use the Census Geocoder.14 This successfully codes a vast majority of
the tickets in our sample. The remainder are coded using geocoder.us. Where zip codes
are unavailable from these matches, we use their latitude and longitudes to map into the
relevant zip based on Census GIS shapefiles. To determine if a zip code neighborhood is
considered black or non-black, we match each zip code to the Census 5-digit Zip Code
Tabulation Area (ZCTA5) using the American Community Survey (ACS) 5-Year estimates
for 2007 - 2011. The ZCTA5 are approximate area representations of zip codes in the United
States. ZCTA5’s are not exact matches for zip codes since ZCTA5’s are aggregated from
Census blocks. Despite this, they are close matches for each other. Tract demographics can
be measured directly. We show in Section 5.1 that our results are robust to our choice of
geographic aggregation.

We obtained sticker registration data by zip code using a Freedom of Information Act
filed with the City Clerk of the city of Chicago. While ideally, we would be able to measure
compliance at the vehicle or individual level of observation, to protect the purchasers’ privacy,
this information only contained the zip code of the buyer’s billing address. The data set
contained information on the date and time of the purchase, the full purchase amount, and
the type of vehicle the sticker was for. We map each sticker purchase to a ZCTA5 using
the zip code. Because this analysis can only be conducted at the geographic level of zip, we
present the ticketing results at the zip code level as well (and show the—very similar—tract
levels results in the appendix).

We present summary statistics describing the ticketing data in Table 1.15 This table
reports average annual characteristics of the top ten revenue-generating tickets from 2007-
2011 and characteristics for the same set of tickets from 2012-2018. The type of ticket is listed
in each row. We show annual ticket volume, annual ticket revenue, modal fine amount, the
revenue share of the listed ticket along with the revenue share rank in Columns 5 and 11, and
the ratio of revenue received and expected revenue, calculated as the base fine amount times
ticket volume. The revenue share is less than one when collected revenue plus applicable late
fees is less than the expected collected amount if all written tickets were paid on time, and
is greater than one if collected revenue plus applicable late fees exceeds this expectation.

Our analysis focuses on comparisons between Black (defined as ≥ 75% Black) neighbor-
hoods compared to non-Black neighborhoods across several ticket-related outcomes including
the type of ticket based on the violation code (sticker ticket or another type of ticket). We
also include several point-in-time measures (these measures evolve over time but are current
as of the latest data extract in 201916) the amount of revenue collected from the ticket, if a

14https://geocoding.geo.census.gov/geocoder/
15We provide the same information separately by neighborhood demographic group in Appendix Table 1.
16This will cause the longer-term outcomes, especially bankruptcy rates, to artificially appear to decline
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ticket was dismissed (either internally or as a result of an appeal), fully paid, given a notice
of non-payment (if the ticket was not yet paid and the city sent a notice to the address on
file for that vehicle), or included as a debt in a consumer bankruptcy case.

We show descriptive statistics summarizing the most salient data features in Table 2
for the five years before the sticker policy change (2007-2011). Panel A of this table shows
information at the ticket level. About 60% of tickets in Black neighborhoods are written by
CPD, and white CPD officers write less than half of tickets in non-Black areas. About 15%
of tickets written in Black areas are sticker tickets, while this rate is close to 6% in non-Black
areas. Outcomes after receiving a sticker ticket are worse for people who receive tickets in
Black areas as they are less likely to fully pay the ticket or have the ticket dismissed and
more likely to be involved in bankruptcy or have a non-payment notice.

Panels B and C show these same outcomes at the neighborhood level. Black areas have
slightly larger populations on average on average (about 51 thousand compared to about 47
thousand in non-Black areas) but also have fewer vehicles (about 17 thousand compared to
21 thousand). Black neighborhoods have fewer stickers purchased (16 thousand compared to
21 thousand) and slightly lower ratios of stickers purchased relative to the number of total
vehicles (95% compared to 100%).17 The number of total tickets written by the CPD is
lower in Black neighborhoods, although more of them are sticker tickets. Substantially more
sticker tickets are written in Black neighborhoods (2000 more per year).

In order to understand underlying mechanisms and heterogeneous responses we need
information on officers. Our ticketing data includes officer badge numbers. Because these
identifiers can change over time, we construct an officer badge crosswalk using data from
OpenOversight. We combine this with data from the Invisible Institute to generate an
officer-level data set with information on the number and type of tickets written, unit and
employment history, complaints against the officer per year, as well as officer demographic
information (race/ethnicity, sex, and age).

4 Empirical Strategy

We summarize our difference-in-differences approach in two equations. First, in Equation
(1), we present event study evidence comparing majority (≥ 75%) Black (Blacki) areas to
non-majority Black areas, focusing on the αt coefficients tracing the evolution of an outcome
of interest relative to 2011, the year prior to the sticker policy change. This allows us to

towards the end of the sample.
17Throughout, we note that our measure of neighborhood-level vehicles is survey-based and constructed

from the aggregation of several categories of survey responses, one of which is topcoded. Therefore, a strict
interpretation of the number of vehicles should be made with caution.
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carefully evaluate parallel trends.
Another identifying assumption for a difference-in-differences analysis is no impact of

the treatment on the control group. In our setting, changing the sticker policy likely also
impacts outcomes in non-Black areas. What we recover from our analysis is not the overall
impact of the policy on our outcomes, but rather the differential impact of the policy on
Black areas relative to their non-Black counterparts. Formally, for neighborhood i and year
t, we estimate:

Yit = α0 +
2018∑

t=2007
t̸=2011

αt(Blacki × Y eart) + σi + λt + εit (1)

We also summarize our results in a single point estimate in Equation (2). Conditional on
our identifying assumptions, β1 of this equation summarizes the impact of the policy change
in the follow-up period (2012-2018).

Yit = β0 + β1(Blacki × Postt) + σi + λt + ϵit (2)

A two-way fixed effects strategy is appropriate in this setting as treatment occurs simulta-
neously for all treated units, allowing us to avoid concerns of negative weights in the presence
of treatment heterogeneity (Goodman-Bacon, 2021). Additionally, we handle the potential
complications of continuous treatment by defining a binary treatment indicator defined as
(≥ 75%) Black zip codes (Callaway, Goodman-Bacon, and Sant’Anna, 2021). Sticker pur-
chasing data is only available at the zip code level while ticketing data is available at both
the zip and tract geographic levels. For consistency across exercises, we show the zip code
results in the main text. In robustness checks below, we show that our results are similar
when we instead define neighborhoods at the tract level. Moreover, while discretizing the
treatment allows us to avoid the challenges of continuous treatment in DiD settings, the
choice of treatment cutoff may be important for interpreting our results. We show in Section
5.1 that our results are robust to both higher and lower thresholds.

5 Results

We begin our analysis by first examining ticketing trends in the raw data. Panel A of
Figure 1 plots the yearly number of CPD-issued sticker tickets issued in Black and non-
Black neighborhoods, both in level and per-capita terms. In Panel B, we also plot the same
series for non-CPD agencies. In Panel A, prior to the 2012 reform, both sticker ticket series
were trending downwards, with lower ticket volumes year-over-year. After 2012 however,

10



ticket volumes in Black neighborhoods exhibited a precipitous jump upwards, exceeding
their pre-policy levels, while ticket volumes in non-Black neighborhoods largely flattened. In
contrast, the series in Panel B are relatively flat, displaying little noticeable changes pre- or
post-reform. Together, these raw data series depict our first evidence that law enforcement
agencies disproportionately enforced sticker non-compliance in Black, compared to non-Black
neighborhoods. A simple difference-in-differences (DiD) calculation suggests that the reform
led to just over 2,000 additional sticker tickets in Black neighborhoods compared to non-Black
neighborhoods, an increase in 0.34 sticker tickets per resident over the 7-year post-reform
period.

Numerous confounding factors may complicate a simple difference-in-differences approach.
For example, neighborhoods may differ in their baseline financial strain, resulting in differen-
tial non-compliance or increased probabilities of non-payment. Neighborhoods may also ex-
perience differential policing patterns, which increase the likelihood that any non-compliance
with the sticker policy is noted by law enforcement.

Figure 2 reports event-study coefficients on the interactions of neighborhood type and
year indicators from Equation (1), estimated at the ticket level. We present corresponding
difference-in-differences estimates in Table 3.18 We begin in Panel A by examining the prob-
ability that any ticket issued is a sticker ticket, estimating separately for tickets issued by
the Chicago Police Department (CPD) and the Parking Enforcement Authority (PEA).19

Consistent with the aggregate patterns in the raw data from Figure 1, sticker tickets issued
from CPD are more likely to be issued in Black neighborhoods post-reform, despite showing
no measurable differential trends prior to the change. In sharp contrast, PEA agents show
no discernible change in sticker ticketing behavior across neighborhood type.20 One interpre-
tation for this result is that non-CPD agencies were already optimizing their ticket-writing
behavior and are thus less responsive to the revenue incentive the policy change induces,
relative to CPD. We explore this potential mechanism in more detail in Section 5.2.

We next examine the characteristics and outcomes associated with the marginal ticket.
Panel B shows that the marginal sticker ticket is associated with lower collected revenue
of $32 in Black neighborhoods, relative to non-Black neighborhoods, consistent with the

18For completeness, we also show point estimates for non-sticker tickets, with corresponding event study
graphs in Appendix Figures 1 and 2.

19For simplicity, we refer to the Parking Enforcement Authority as “Non-CPD” in all tables and figures.
This group pools together both Department of Revenue agents as well as third-party contractors such as
SERCO.

20While the summary DiD estimate in Table 3 (Panel B, Column 1) technically shows a small increase
in sticker ticketing in Black neighborhoods, we view this result as tentative given no discernible post-period
change, suggesting this point estimate is more an artifact of unstable pre-trends than an actual behavioral
change. Nonetheless, we present results for both CPD and non-CPD agencies throughout for completeness.
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higher fine amount decreasing repayment probabilities and increasing financial strain. This
pattern is also consistent with the observed 9.4 percentage point reduction in repayment
probabilities (Panel C), a 7.0 percentage point increase in the probability of receiving a non-
payment notice (Panel D), and a 1.4 percentage point increase in the probability of filing for
bankruptcy (Panel E).21 Taken together, at the ticket level, these empirical patterns suggest
that the marginal sticker ticket generates less revenue in expectation in Black neighborhoods
compared to non-Black neighborhoods due to the increased financial strain it places on
liquidity-constrained households. Despite this, we also show that there is no change in ticket
“quality,” as the marginal sticker ticket is no more (or less) likely to be dismissed across
neighborhood types (Panel F).22

In Figure 3, we estimate Equation (1) at the neighborhood, rather than the ticket level.23

Relative to our previous analysis, which largely captures the intensive margin of switching
between sticker and non-sticker tickets conditional on writing a ticket, this neighborhood-
level approach additionally captures the extensive margin of ticket writing behavior. Con-
sistent with our previous results, Panel A shows a substantial increase in the number of
CPD-written sticker tickets in Black neighborhoods, compared to non-Black neighborhoods.
Again, non-CPD agencies show little measurable differential response. Moreover, the pre-
reform estimates for both groups are generally stable and close to zero in magnitude. In
contrast to the ticket-level results, however, Panel B illustrates substantial differential rev-
enue collection across neighborhood demographic profiles for CPD-issued sticker tickets.
Interpreted together with the ticket-level results, we view these patterns as reflecting both
lower marginal payment probabilities and greater ticketing frequency by neighborhood.

In aggregate, we also see increases in the number of tickets paid (Panel C), reflect-
ing increases in collected revenue, but also increased non-payment notices (Panel D) and
bankruptcy filings (Panel E). Interestingly, we also see greater volumes of ticket dismissals
in Panel F, but we view these estimates as likely reflecting ex-post dismissal and debt relief
programs (e.g., Sanchez and Ramos 2015), rather than changes in contesting rates.

When interpreting our results, it’s possible some of the observed disparity is due to neigh-
borhood differences in resident’s ability to pay for the sticker itself, resulting in differential

21There are a small handful of tickets which have an outcome that does not fall into one of these classi-
fications (e.g., hearing requested). We abstract from estimating these outcomes separately for simplicity as
they define less than one percent of the sample.

22For example, under a story where agencies write large amounts of sticker tickets in an attempt to meet
performance expectations, we might see expect that some measure of these tickets will be thrown out ex-post
if they are marginal quality. We do not see any consistent evidence of differential dismissals, although this
interpretation is complicated by differential access to political capital and resources in contesting tickets by
neighborhood.

23We present DiD estimates in Panels A and B of Table 3.
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non-compliance with the policy. Consequently, the subpopulation who are unable to initially
afford the sticker will also be unresponsive to the purchasing incentive induced by the sticker
fine increase or be priced out because of the increase in the sticker price itself. We emphasize
that our formal difference-in-differences estimates will account for the initial level disparity
across neighborhood types, resulting in estimates that capture only the differential change
in sticker ticketing frequency across neighborhoods, before and after the reform. However,
we take seriously the idea of differential compliance and its interaction with departmental
incentives as a mechanism for our results and discuss this point in detail in Section 5.2.

5.1 Robustness Checks

Before assessing the mechanisms underlying our results, we first examine the stability of
our estimates to a range of robustness checks. Appendix Tables 2 and 3 present robustness
checks for our ticket- and area-level regressions, respectively; for completeness, we present
results for both CPD and non-CPD agencies. Column 1 in each table reports the difference-
in-differences estimate for each of our six main outcomes using only the raw data. Column
2 reproduces our estimate from the main text, adding zip code and year fixed effects in
a standard DiD specification, although the results are little changed with these additions.
In Column 3 of Appendix Table 2 we add controls for vehicle make, owner city, and an
indicator for an out-of-state owner to account for differences across the population in the
probability of receiving, contesting, and paying sticker tickets, although these controls do
little to alter the point estimates from our primary specification.24 Finally, in the last two
columns of Appendix Tables 2 and 3, we use alternative cutoffs for defining zip codes as
primarily Black. Changing the threshold to either 50 or 90 percent, rather than our baseline
75 percent does not meaningfully affect the conclusions we draw above.25

We also decompose the main analysis for the subset of tickets that have owner character-
istics in Appendix Table 5 to determine whether the disparate ticketing patterns documented
above largely accrue to individuals whose home neighborhood matches the racial composi-
tion of the ticketing zip code or if the results we find largely reflect commuter traffic instead.
The first row of each panel (“main”) reproduces the sticker ticket results from Table 3. We
then replace each outcome Yit with Yit × (Blacki) in the second row and Yit × (1 − Blacki) in
the third row, effectively decomposing the differential outcomes in Black neighborhoods to

24We do not perform a similar adjustment in Appendix Table 3 as we collapse the data to the zip code
by year level and aggregate overall vehicle types in doing so. Reassuringly, the owner controls do little to
change the estimates in Appendix Table 2.

25Appendix Figure 3 replaces our zip code fixed effects with tract fixed effects and redefines neighborhoods
as majority-Black at the tract level using the same 75% threshold (see Appendix Table 4 for DiD estimates).
We continue to find broadly similar results to our preferred specification.
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drivers from Black and non-Black neighborhoods, respectively.26 Across nearly all outcomes,
regressions, and ticketing agencies, we find that the burden of the disparate ticketing patterns
in Black neighborhoods tends to fall on owners who are also from Black neighborhoods.

5.2 Examining Potential Mechanisms

Our results thus far suggest that the marginal sticker ticket is more likely to be written in a
Black neighborhood, both in a compositional and level sense, and that this pattern is driven
almost entirely by CPD, rather than non-CPD behavior. Below we explore several potential
mechanisms behind these results.

Departmental Incentives: An implication of the different responses across ticket-writing
departments is that the underlying performance evaluation scheme induces differential re-
sponses to the policy. Put differently, since PEA agents are anecdotally evaluated based
on their ticket volume, their ticket-writing behavior was already at an optimum — maxi-
mizing ticket volume while minimizing search costs. In contrast, CPD officers face no such
volume-based incentives to our knowledge. Thus, post-policy change, the marginal benefit of
writing an additional sticker ticket, from a revenue collection standpoint, has increased. As
a result, officers may induce greater search efforts into finding or ticketing vehicles without
appropriate city stickers. Under this interpretation, the disparate patterns we document
above are directly viewed as disparate enforcement as part of a broader revenue collection
effort, rather than differential compliance.27

We partially test whether officers exert greater search effort into finding vehicles with
expired stickers by plotting the number of sticker tickets issued by day for 2011 and 2012
in Appendix Figure 4. If officers exert greater search effort, then we would expect to see
increases in ticketing frequency immediately after the grace period ends.28 In Panel A, we see
exactly this pattern for CPD, with a large spike in sticker tickets written on the day the grace

26We note that since not all of our tickets contain owner address information, the sum of the two disag-
gregated point estimates need not add up to the main results. Nevertheless, we view this decomposition as
useful in confirming the population facing disparate ticketing.

27To the extent vehicles in Black neighborhoods are more likely to be parked on the street or visible to the
average patrol (e.g., (Sanchez and Ramos, 2018)), then Black neighborhoods may see differential levels of
sticker enforcement even in the pre-reform period since Black neighborhoods exhibit a lower marginal search
cost for sticker-less vehicles. So long as parking patterns do not also differentially change before and after
the budget reform, these results may be viewed as holding the marginal search costs fixed by neighborhood
while changing the marginal benefit of ticket-writing.

28The grace period is a window after the expiration date where an individual may purchase a city sticker
without paying late fees and is not supposed to be subject to sticker ticket enforcement. We use 2011-2012
as the focal years in this exercise since prior to 2014, all city stickers expired at the end of June in any
given calendar year. The city later shifted to time-varying expiration dates that move with license plate
expiration dates. Moreover, both 2011 and 2012 have the same fifteen-day grace period, which enables us to
more cleanly harmonize the data across years for ease of comparison.

14



period ends. Comparing the change between 2011 and 2012, sticker ticket volume increases
by a dramatic 49.5 percent on the day immediately following the grace period. In contrast,
non-CPD agencies (Panel B) exhibit only a 17.0 percent increase in sticker ticket volume.29

Interestingly, we also see small ticket volumes in the days preceding the end of the grace
period, although an expired sticker should technically not be subject to enforcement in this
window. We note in passing that the share of sticker tickets written in the expiration-grace
period window is smaller for non-CPD agencies (<1 percent) than CPD agencies (between
4.9 - 5.6 percent), which we take as suggestive evidence of ex-ante ticket writing optimization
by the former. Finally, for completeness, we also show the same histograms for non-sticker
tickets and find little evidence of similar discontinuous behavior for this subset of tickets.
Taken together, this empirical pattern suggests that the behavior of CPD officers is more
responsive to the reform, perhaps as part of a broader revenue collection effort for the city,
and that the behavioral change is in line with what would be expected given the sticker fine
increase.30

Next, we test how sticker ticket enforcement patterns correlate with alternative neigh-
borhood characteristics. We replace our primary Blacki × Postt interaction with different
interactions based on pre-reform neighborhood characteristics in Appendix Table 6. If offi-
cers are behaving in a purely revenue-maximizing way, then sticker tickets should be written
in the areas that have the highest repayment probabilities, such as high-income neighbor-
hoods.31 In fact, we find the opposite patterns in Column 2. In Column 3 we show that
CPD officers write more sticker tickets in areas that previously had high rates of sticker
tickets (as a fraction of total tickets written in the neighborhood), suggesting that officers
are aware of neighborhoods with low sticker compliance rates and alter their search effort
accordingly. However, Column 4 shows that fewer sticker tickets are written in neighbor-
hoods with high payment rates. When we test all interactions jointly, we still find that the
vast majority of the disparity still operates through neighborhood demographics, rather than

29We note that the cyclical pattern in non-CPD ticket volume is a weekend/weekday effect. Therefore, we
compare ticket volume on the first weekday after the grace period in 2011 (two days after it ends), against
the initial expiration day in 2012 in the above calculation.

30Suggestive evidence of a broader revenue collection effort is in Appendix Figure 2 where we show that
CPD also increased their enforcement of non-sticker violations. However, many of the pre-reform estimates
are distinctly different from zero, although the differential trend is generally flat. As a result, we interpret
this non-sticker ticket evidence with caution, but conclude that part of the differential effect may be due to
top-down revenue collection concerns.

31It’s ambiguous whether officers would fully internalize potential ticket contesting or repayment probabil-
ities when comparing the value of a ticket in high and low-income neighborhoods. Higher-income neighbor-
hoods likely have more resources to fight parking tickets, but to the extent officers receive overtime pay for
appearing in court (e.g., Chalfin and Goncalves 2021), the marginal ticket in a high-income neighborhood
becomes attractive both with respect to repayment probabilities as well as potential private value to the
officer.
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these alternative channels, at least when defined across all neighborhoods.
We further test for differential officer behavior within Black neighborhoods by examining

all three alternative treatment margins above, but defined within the set of high-Black neigh-
borhoods, as opposed to the overall sample in Appendix Table 7. Somewhat strikingly, we
find officer behavior that is consistent with increased revenue maximization (in response to
the incentive), but imperfectly so. Specifically, sticker tickets are more likely to be written in
high-income Black neighborhoods, compared to low-income Black neighborhoods, a subset
which should have lower rates of non-compliance, all else equal. Similarly, Black neigh-
borhoods with greater baseline sticker ticket rates experience higher sticker ticket volumes,
further suggesting an element of officer knowledge about non-race neighborhood character-
istics. However, the vast majority of these tickets are written in Black neighborhoods with
lower baseline repayment rates, suggesting some degree of inefficiency with respect to rev-
enue collection. In sharp contrast, officers in non-CPD agencies exhibit no such disparate
patterns, and if anything, go in the opposite direction.32

Differential Compliance: One interpretation of our existing estimates is that they simply
reflect differences in the ability of drivers to pay for the city sticker. Thus, differential
ex-ante compliance with the policy may present itself as disparate ex-post enforcement of
the sticker tax if the marginal benefit of writing such a ticket has increased, such that law
enforcement agencies are now writing tickets they would not otherwise have in the absence
of the budget reform. Alternatively, the 2012 budget reform may have changed compliance
rates itself, since it also increased the price of the sticker for both small ($75 to $85) and large
($120 to $135) vehicles. If there is a sufficiently large subpopulation on the margin of sticker
purchasing, then such an increase may lead to disparate enforcement as the marginal search
cost of finding a delinquent motorist has decreased. While we are unable to measure sticker
purchases at the individual level due to data limitations, we conduct several tests to probe
how much our estimates may reflect differential compliance versus differential enforcement
of the policy.

First, we examine neighborhood-level sticker purchasing behavior directly using admin-
istrative data on sticker purchases, owner locations, and sticker types from 2008-2018. In
Panel A of Appendix Figure 5 we plot event-study estimates of the interaction of year and
neighborhood type indicators, using sticker purchases as the outcome. If there were differ-
ential non-compliance with the sticker policy, such that the fine increase induced a large
fraction of the non-complying population to suddenly purchase tickets, then we should see

32The contrast between CPD and non-CPD agents is also consistent with differences in outcomes as a
consequence of varying incentives across public and private employees in other contexts (e.g., Knutsson and
Tyrefors 2022).
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greater purchase rates in Black neighborhoods relative to non-Black neighborhoods. Alter-
natively, the sticker price increase may also lead to a differential reduction in purchasing as
marginal individuals are priced out of compliance. If anything, Black neighborhoods have
minute increases (20 stickers), relative to non-Black neighborhoods, even as both groups in-
creased their purchases as we show below, although we note that the pre-trend estimates are
somewhat noisy. When we disaggregate sticker purchases into types focusing on passenger
vehicles, we find no statistically distinguishable differential response.33 Together, this em-
pirical finding is instead consistent with changes in officer behavior, rather than substantial
changes in civilian behavior due to price-out non-compliance or incentivized purchasing.

Quantifying the Relative Contributions of Differential Compliance and Enforcement: The
increase in disparate sticker ticketing is due to two potential factors - differential sticker pur-
chasing behavior and differential enforcement of the sticker ticket. In Table 4, we decompose
this aggregate effect into its two component channels based on our empirical results, in ad-
dition to the relative contributions of Black and non-Black neighborhoods. We focus on the
neighborhood-level results for parsimony as they capture both the extensive and intensive
ticket-writing margins.

We define the enforcement component of the observed change in sticker tickets as the
difference between the change in tickets and change in purchases.34 The corresponding en-
forcement share is this residual over the change in sticker tickets. Under the same parallel
trends assumption underlying our main empirical specification, the enforcement effect mea-
sures the share of the total sticker ticket volume that is due to changing policing patterns
after accounting for the net change in purchase behavior. For example, the enforcement
effect would be zero if total sticker tickets and sticker purchases were equal and opposite
in sign.35 Finally, given that there are possible general equilibrium effects associated with
the policy that change the behavior of individuals in both Black and non-Black neighbor-
hoods, we present both the net enforcement effect for Black neighborhoods only as well as
the implied enforcement effect across neighborhoods.

Using our neighborhood-level estimates, we find that virtually all of the differential ticket-
ing effect can be explained by differential ticket issuing behavior.36 We obtain slightly smaller

33Due to the vehicle classification systems, it is possible some individuals have vehicles that are classified
as large trucks even though they may not be colloquially considered as such. However, the overwhelming
majority of stickers are for passenger vehicles.

34Technically, the change in purchases is further subdivided into two additional components: a change in
purchases due to the incentive effect of the fine increase and a change due to pricing marginal individuals
out because of the sticker price increase. Given our aggregate data, we are only able to observe the net effect
of these two channels.

35We construct the appropriate neighborhood-level empirical analogs using simple one-way difference re-
gressions.

36Using the 95 percent confidence interval and worst-case scenarios for both the ticketing and purchase
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shares when adjusting for number of vehicles in Panel B, though we note our neighborhood-
level measure of total vehicles is measured with error.37 We further confirm that officer
behavior plays a non-trivial role in Appendix Table 8, where we show that just under half
of the sticker ticket differential can be explained by the first sticker ticket a vehicle receives
in a calendar year, indicating the residual is due to repeated enforcement of the same ve-
hicles. Even when using this more modest ticket response, however, we still find that the
enforcement effect explains 98.9 percent of the differential effect and 64.8 percent in Black
neighborhoods.

Is Differential Enforcement Efficient?: Together, our results consistently point to Black
neighborhoods receiving substantially greater levels of sticker ticket enforcement, in mag-
nitudes that cannot be rationalized by large changes in sticker purchasing behavior. And
moreover, this disparate effect is entirely driven by CPD rather than non-CPD ticketing
agencies. One rationale for these empirical patterns is that CPD officers are differentially
targeting areas with lower sticker purchase rates, while non-CPD officers have already equal-
ized their marginal costs of enforcement across neighborhoods. To better understand how
neighborhood responses and baseline characteristics influence enforcement behavior, we con-
struct joint distributions of estimated changes in neighborhood-level outcomes as well as
neighborhood characteristics.38

In Panels A and B of Figure 4, we plot the joint distributions of neighborhood-level
changes in sticker tickets and sticker purchases, separately by neighborhood type and ticket
issuing agency. There is a weakly positive correlation between changes in sticker purchases
and CPD-issued sticker tickets in non-Black neighborhoods, which is sharply contrasted with
a negative relationship in Black neighborhoods (Panel A). Strikingly, non-CPD-issued sticker
tickets display parallel, but virtually flat relationships across neighborhood types (Panel B).
One interpretation for these contrasting patterns is that CPD issuers are responding to the
ticket increase incentive, increasing search behavior in neighborhoods with low marginal
search costs, while non-CPD agents have already equated the marginal enforcement costs
across areas.39 Perhaps more noteworthy is the consistent level difference in sticker ticket

responses, we can rule out enforcement shares that are smaller than 37.8 percent overall and 53.2 percent in
Black neighborhoods

37Even abstracting from the DiD estimates, the enforcement share is still between 76 and 88 percent in
Black neighborhoods, confirming that the implications of this decomposition do not hinge on the relative
changes in non-Black neighborhoods.

38Formally, we consider all one-way differences for i ∈ I and Ri ∈ {B, n} of E[Yit|Ri = r, Postt =
1]−E[Yit|Ri = r, Postt = 0], which represent each component piece of our difference-in-differences estimates.
Averaging across all of these estimates by neighborhood type Ri recovers our main DiD estimates.

39A possible interpretation of the negative slope is that CPD agents are more successfully capturing every
marginal change in sticker purchases - perfect enforcement would suggest a slope of -1. We estimate a slope
coefficient of -0.67. However, this slope difference does not explain the level difference between neighborhoods
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volume by neighborhood type in Panel A across nearly all changes in sticker purchases.
We further explore whether differences in neighborhood characteristics can explain such a

gap. In Panel C, we test whether differential pre-reform sticker purchase rates can rationalize
such a gap but continue to find a persistent level difference, with virtually all neighborhood
purchase rates clustered closely around one.40 Alternatively, such a disparity may be jus-
tified by revenue collection motivations if the repayment probabilities are higher in Black
versus non-Black neighborhoods. In contrast, however, we show that sticker ticket volumes
are higher in Black neighborhoods, despite having lower pre-reform sticker ticket payment
probabilities (Panel D). Finally, we show that changes in ticket volumes remain higher in
Black neighborhoods across almost all values of sticker tickets and paid sticker tickets per
sticker purchase (Panels E and F), indicating sharply distinct enforcement responses across
areas with similar baseline enforcement propensities.41

Taken together, we conclude that observable differences in neighborhood characteristics,
compliance, and expected payment probabilities are insufficient to fully explain the sticker
ticketing gap across Black and non-Black neighborhoods. Instead, our results are consistent
with a differential response to the fine increase by ticketing agency, combined with differen-
tial marginal search costs across neighborhoods, perhaps due to differences in the visibility of
parked vehicles (e.g., Sanchez and Ramos 2018). Differences in parking patterns as a mecha-
nism are also consistent with the body of evidence we’ve assembled thus far, indicating that
the interaction of incentives and search costs together play a role in determining disparate
enforcement patterns. Given the overlap in the support of non-race neighborhood charac-
teristics, there are potentially significant revenue gains from equalizing enforcement across
Black and non-Black neighborhoods. A partial back-of-the-envelope calculation leveraging
the joint distributions of neighborhood characteristics and neighborhood responses suggests
that the city could have raised an additional $1.6 million in annual revenue by applying
average equal enforcement in low-compliance non-Black neighborhoods.42

with similar purchase responses.
40Some of the x-axis dispersion is likely due to measurement error in the number of vehicles since we rely

on aggregated survey-based measures when constructing this statistic.
41One additional possibility is that the CPD-issued sticker tickets are incidental because an officer happened

to be in the area and there is an increased emphasis on issuing these tickets. We test this channel in
Appendix Figure 6, plotting neighborhood-level changes in sticker ticket volumes against average annual
crimes reported to CPD. Consistent with this mechanism, we find greater sticker ticket responses in higher-
crime neighborhoods. In contrast, we find non-CPD behavior that is either uncorrelated or related in the
opposite direction. Together with our investigation of other mechanisms, we view this incidental channel as
complementary at differentially lowering marginal costs of enforcement for CPD officers.

42To perform this calculation, we first identify non-Black neighborhoods with lower purchase per vehicle
rates than the minimum rate of Black neighborhoods. Intuitively, these are the neighborhoods where non-
compliance is highest, and the marginal cost of enforcement is consequently lowest (abstracting from parking
patterns). We then assign the mean Black neighborhood enforcement volume to these neighborhoods and
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6 Estimating Officer-Specific Responses

Our aggregate event study results above reveal a significantly disproportionate issuing of
sticker tickets across neighborhoods. An open question is whether this disparate behavior
is department-wide or if it is concentrated among a handful of officers who are high-volume
ticket-writers. We estimate a modified version of our difference-in-differences specification
above to decompose the response to the policy reform across the officer distribution. For-
mally, we estimate:

Yijlt =
∑
j∈J

δj(Zj × Postlt︸ ︷︷ ︸
Officer-specific responses

) + Zj︸︷︷︸
Officer fixed

effect

+X′
itπ + νijlt (3)

for neighborhood i, officer j, ticket l, and year t.43 Throughout this analysis, we control for
year, unit, neighborhood, and officer fixed effects.44 We examine racial differences in officer
ticketing patterns by interacting Yijt with indicators for neighborhood racial composition,
rather than placing the interaction term on the right-hand side.

The coefficients of interest are the interactions δj, which, conditional on the officer fixed
effects, nonparametrically capture the within-officer response to the change in incentives
induced by the fine increase. When estimated at the sticker level, δj can be interpreted
as the officer-specific outcome of the marginal ticket written in response to the policy.45

Finally, we note here that unweighted, our estimates of officer-specific responses may not
exactly match either the ticket- or area-level event studies above as we have both altered the
sample by trimming only pre or only-post-period officers as well as the estimating equation.
Nevertheless, we view this exercise as useful for characterizing the behavioral response across

assume the payment probability is equal to the pre-period payment rate. We note that the mean payment
rate for these focal non-Black neighborhoods is 59.5 percent, relative to 46.9 percent in Black neighborhoods.

43An alternative approach is to estimate event studies where the econometrician interacts the event-
study indicators with officer fixed effects. Unfortunately, the non-random movement of officers across unit
assignments and our limited information on precise geographic patrol responsibilities resulted in unstable
estimates when employing this approach.

44Specifically, we include the full set of indicators for each of these covariates, which account for time-
invariant differences in responsibilities and ticket writing potential across both unit assignments and geog-
raphy. We depart slightly from our aggregate analysis and replace our zip code fixed effects with tract fixed
effects to more closely approximate officer beat assignments within unit. Similarly, we also define Black and
non-Black neighborhoods at the tract, rather than zip code level, which we show above yields similarly sized
aggregate estimates. Together, these modifications allow us to identify racial differences in policy response
within all officers, rather than only among the subset of officers whose assignment happens to be near zip
code boundaries.

45To ensure our estimates are not driven by noise, we restrict the sample to officers who write at least 100
tickets in our sample period. We also include only officers who write tickets both before and after the 2012
reform, although both of these restrictions drop only a handful of officers. Unfortunately, we’re unable to
conduct a similar exercise for non-CPD units due to higher rates of turnover in those departments.
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the officer distribution.

6.1 Decomposing Outcomes of Marginal Sticker Tickets

Figure 5 reports the distributions of officer-specific policy responses. In Panel A, we plot
bins of the officer-specific probability of writing a sticker ticket separately for Black and non-
Black neighborhoods against the overall officer-specific sticker ticket response.46 That is, we
plot P (sticker | ticket, race) against P (sticker | ticket). This exercise effectively decomposes
the marginal sticker ticket response outcomes within each officer. Comparing the slopes of
the race-specific against the overall response yields similar conclusions to our aggregate event
studies above - officers responding to the policy reform are substantially more likely to write
sticker tickets in Black neighborhoods than non-Black neighborhoods (0.632 vs 0.368). The
magnitude of the overall sticker ticket response on the x-axis also provides evidence of a
“first-stage” response to the policy, as about 60 percent of officers are more likely to write a
sticker ticket in the post-reform period.47

Panel B examines the officer-specific revenue responses accruing from payment sticker
tickets. The correlations between the race-specific and overall responses suggest that just
over 60 percent of each dollar of revenue originates from Black neighborhoods. Together
with our decomposition results, these correlations suggest that the unequal enforcement of
the sticker ticket also led to an unequal tax burden across neighborhoods.

In Panels C and D, we decompose the outcomes of the marginal sticker ticket sepa-
rately for Black (Panel C) and non-Black (Panel D) neighborhoods. Specifically, we plot the
correlations between P (ticket outcome | sticker, race) against P (sticker | race). There are
striking differences in sticker ticket outcomes across race. Under 35 percent of sticker tick-
ets written in Black neighborhoods end in payment, compared to non-Black sticker tickets,
which are more than 15 percentage points more likely to end in payment. Sticker tickets in
Black neighborhoods are significantly more likely to end in financial strain, consistent with
our aggregate results above. Fully 46.2 percent of sticker tickets either receive a notice of
non-payment (40.7 percent) or end in the driver filing for bankruptcy (5.5 percent). While
sticker tickets in non-Black neighborhoods also only end in payment about half the time,
adverse financial outcomes occur far less frequently at under one-quarter of the time (respec-
tively, 23 percent notice, 1.2 percent bankruptcy). Taken together, our results align with our
aggregate analysis that the marginal sticker ticket is more likely to occur in Black neighbor-
hoods, disproportionately generates revenue from this population, and leads to substantially

46For completeness, we also report Empirical Bayes-adjusted estimates in Appendix Figure 7.
47A version of this exercise, which captures both the extensive and intensive margin, reveals that almost 86

percent of officers are responsive in a “first-stage” sense, providing additional support of behavioral changes
to the policy reform across the officer distribution.
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worse financial outcomes compared to non-Black neighborhoods, and that these effects are
widespread across the officer distribution.48

6.2 Correlating Policy Responses with Officer-Level Observables

Finally, we explore whether the magnitude of the disparate sticker response is correlated
with officer-level observables. While the majority of officer responses indicate that they are
responsive to the sticker ticket fine increase in a first-stage sense, understanding whether
officer characteristics are predictive of the magnitude of observed responses is important for
characterizing how different types of officers react to incentive changes, as well as designing
department-level policies which may mitigate such adverse incentive responses.

A simple explanation for our officer-level decomposition is that the responses simply
reflect the demographics of the unit that they are assigned to. That is, officers assigned
to units with greater Black population shares should also exhibit larger Black ticketing
responses. Conversely, officers assigned to units with smaller Black population shares should
exhibit larger non-Black ticketing responses. We test whether this mechanism drives our
results in Appendix Figure 8, regressing race-specific δj responses against their modal unit
assignment’s Black share of the population.49 Consistent with neighborhood demographics
playing a key role in determining the responses in Black neighborhoods, we find a strong,
positive correlation between estimates of δj(Sticker, Black) and neighborhood demographics.
In sharp contrast, however, we find zero correlation between estimates of δj(Sticker, Non −
Black) and neighborhood demographics, rather than a negative correlation, which a pure
neighborhood characteristics story would predict.

Given this stark contrast, we next examine whether officer observables predict their policy
responses in Table 5, controlling for modal unit fixed effects throughout.50 In each successive
column, we test a series of covariates before pooling them all together in Column 4. Some-
what strikingly, Black officers consistently have smaller δj(Sticker, Black) responses, along
with more experienced officers. In contrast, officer characteristics are generally uncorrelated
with δj(Sticker, Non − Black), with the exception of ticket volume. Together, these esti-
mates suggest some degree of differential leniency or search effort based on the interaction
of officer race and neighborhood demographics. Moreover, the fact that the magnitude of

48The disparate marginal revenue result in Panel B despite the lower payment rate in Panel C is likely
driven by increases by racial differences in accrual and payment of late fees and extra penalties. Regressing
the revenue received against the paid ticket probabilities reveals that the marginal paid Black sticker ticket
generates $265 of revenue compared to $235 from non-Black sticker tickets.

49We restrict the sample to police officers who are in patrol units so that we can correctly estimate the
Black population share in the assignment, as well as examine responses of police officers who are most likely
affected by the policy.

50We show the correlations using the complete set of officers in Appendix Table 9.
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the δj responses in Black neighborhoods are declining with experience is also indicative of
early career officers perhaps being more responsive to revenue collection efforts in ways that
disparately impact the population.

More generally, the combination of a strong policy response across the officer distribution
and weak correlations with observable characteristics suggests that the empirical patterns
we find in this paper result from a broader goal of revenue generation on a department-
wide level. Given the disparate impacts in the population that clearly hinge on ticketing
agency, revenue collection as one responsibility of law enforcement agencies may benefit from
specialization.

7 Conclusion

In this paper, we examine the role of policing on the distribution of tax burden on residents
by exploiting the fine increase for vehicle registration non-compliance in Chicago. Using
this sharp change in the fine in 2012, we showed that enforcement of this fine was indeed
disproportionately distributed in the population, with Black neighborhoods experiencing far
greater changes in their ticket volumes than non-Black neighborhoods.

Interestingly, we only find significant evidence of disparate enforcement when examining
the ticketing behavior of police officers in the Chicago Police Department and not from tick-
ets issued by parking enforcement agents. We hypothesize that the different responsibilities
across the two types of agents may play a key role in determining their response to the
policy. Specifically, the narrowness of parking agents’ objective function (i.e., to solely max-
imize ticketing productivity) compared to the large responsibility set of police officers (i.e.,
public safety) could play a key role in determining the disparate response across neighbor-
hoods. Moreover, we show that CPD’s disparate response patterns cannot be fully explained
by differences in baseline non-race neighborhood characteristics, nor justified on collection
efficiency grounds. Instead, we provide suggestive evidence that the combination of a multi-
dimensional objective function with differential marginal enforcement costs by neighborhood
drives these disparate responses.

Together, our results provide evidence that revenue generation in local governments may
benefit from specialization across collection agencies as a mechanism to mitigate disparate
impacts in the local population. While parking tickets, particularly sticker tickets, currently
function as a form of regressive tax, cities can implement a more equitable and efficient
ticketing regime to improve the current equilibrium by altering the incentives of the ticketing
agents or by shifting parking enforcement responsibility to only parking enforcement agents.
Either of these could simultaneously achieve more equitable outcomes while also raising
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additional revenue.
Finally, our results document preliminary evidence of a direct relationship between dis-

parate policing and downstream financial consequences. Notably, the increased enforcement
of sticker tickets increased the likelihood of filing for bankruptcy by 1.4 percentage points
more in Black neighborhoods relative to non-Black neighborhoods. Thus, policies addressing
disparate policing behavior may also reduce racial disparities in socioeconomic outcomes.
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Figure 1: Time Series of Sticker Ticket Volume by Issuing Agency

Panel A: Chicago Police Department
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Panel B: Non-Chicago Police Department
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Notes: This figure reports time series of sticker tickets issued and sticker tickets issued per capita by neigh-
borhood and ticketing agency. Black neighborhoods are defined as zip codes with greater than seventy-five
percent Black population share. Panel A reports results for CPD and Panel B reports results for non-CPD
agencies. Solid lines report levels (left axis), dashed lines report per-capita population rates (right axis).
Blue lines represent Black neighborhoods and gray lines represent non-Black neighborhoods. The vertical
line in 2011 denotes the last year prior to the reform. Population is measured using the 2007-2011 American
Community Survey.
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Figure 2: Event Study Estimates of Sticker Tickets and Outcomes at the Ticket-Level
by Issuing Agency

Panel A: P(Sticker | Ticket) Panel B: E(Revenue | Sticker Ticket)
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Notes: This figure reports event study estimates of sticker ticketing behavior and sticker ticket outcomes
at the ticket level, estimated separately for the Chicago Police Department (CPD) and non-CPD agencies.
Each point represents the interaction of Blacki and the corresponding year fixed effect, relative to the level
in 2011. The blue points report estimates for CPD and the gray points represent estimates for non-CPD.
Shaded regions represent 95 percent confidence intervals with standard errors clustered at the neighborhood
level.
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Figure 3: Event Study Estimates of Sticker Tickets and Outcomes at the
Neighborhood-Level by Issuing Agency

Panel A: Sticker Tickets Panel B: Sticker Ticket Revenue
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Notes: This figure reports event study estimates of sticker ticketing behavior and sticker ticket outcomes
at the neighborhood level, estimated separately for the Chicago Police Department (CPD) and non-CPD
agencies. Each point represents the interaction of Blacki and the corresponding year fixed effect, relative
to the level in 2011. The blue points report estimates for CPD and the gray points represent estimates for
non-CPD. Shaded regions represent 95 percent confidence intervals with standard errors clustered at the
neighborhood level.
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Figure 4: Joint Distributions of Neighborhood-Level Estimates and Neighborhood
Characteristics

Panel A: ∆ Tickets and ∆ Purchases - CPD Panel B: ∆ Tickets and ∆ Purchases - Non-CPD
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Notes: This figure reports joint distributions of neighborhood-level one-way difference estimates across dif-
ferent outcomes, along with neighborhood-level estimates with pre-reform characteristics. Panels A and B
plot the change in sticker tickets and sticker purchases for Black and non-Black neighborhoods, by CPD
and non-CPD ticketing agency, respectively. Panels C through F plot the change in sticker tickets issued
by CPD against pre-reform neighborhood characteristics, calculated using data from 2008-2011. Each point
represents a neighborhood, defined at the zip code level. Navy dots represent Black neighborhoods and
gray circles represent non-Black neighborhoods. Dashed lines represent linear lines of best fit, estimated
separately by neighborhood type.
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Figure 5: Estimating and Decomposing Officer-Specific Responses to Sticker Fine Increase

Panel A: P(Sticker | Ticket) Panel B: E(Revenue | Sticker Ticket)
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Notes: This figure plots estimates of δj for different outcomes against each other. In Panels A and B we
plot estimates of neighborhood race-specific δj responses against the overall race-agnostic δj response on
the x-axis. In Panels C and D, we plot the race-specific sticker ticket outcomes against the race-specific
sticker ticket responses, separately by race. There are 100 bins per outcome in the top two panels and 40
bins per outcome in the lower two panels. For exposition, we drop the first and last bin for each outcome.
Reported coefficients estimated on the underlying officer-level estimates. Robust standard errors are reported
in parentheses. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10
percent level.
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Table 2: Descriptive Statistics by Neighborhood: 2007-2011
All Black Non-Black

Neighborhoods Neighborhoods Neighborhoods
Panel A: Ticket-Level Outcomes (1) (2) (3)
CPD Written 0.503 0.602 0.487
Sticker Ticket 0.076 0.149 0.064
Paid 0.527 0.471 0.548
Non-Payment Notice 0.228 0.308 0.197
Bankruptcy 0.021 0.039 0.014
Dismissed 0.224 0.182 0.240
CPD Written 0.572 0.655 0.541

Panel B: Neighborhood-Level Outcomes
CPD Written 21,020 19,519 21,346
Sticker Ticket 3,176 4,842 2,814
Paid 1,674 2,280 1,542
Non-Payment Notice 723 1,492 556
Bankruptcy 66 188 40
Dismissed 713 882 676
CPD Written 1,816 3,173 1,521

Stickers Purchased 20,301 16,409 21,147

Panel C: Neighborhood Characteristics
Share Black 0.305 0.934 0.168
Total Population 47,966 50,965 47,314
Total Vehicles 20,425 17,320 21,100

Notes: This table reports descriptive statistics by neighborhood type over the period 2007-2011. Panel
A reports mean outcomes at the ticket-level and Panels B and C report mean annual outcomes at the
neighborhood level. Column 1 reports overall means, Column 2 reports means in Black neighborhoods,
defined as zip codes with a greater than seventy-five percent Black population share, and Column 3 reports
means in non-Black neighborhoods. Sticker purchase data covers the period 2008-2011. Outcomes in Panel
C are calculated using the 2007-2011 American Community Survey. We approximate total vehicles by
aggregating bins based on survey responses and top code the highest bin as representing four vehicles.
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Table 3: Difference-in-Differences Estimates of Disparate Ticketing and Ticket Outcomes

Tickets Revenue Paid Notice Bankruptcy Dismissed
Ticket-Level Estimates (1) (2) (3) (4) (5) (6)
Panel A: CPD
Sticker: 0.038∗∗∗ -30.886∗∗∗ -0.094∗∗∗ 0.070∗∗∗ 0.014∗∗∗ 0.010

(0.007) (3.734) (0.012) (0.011) (0.003) (0.008)
Non-Sticker: -0.038∗∗∗ -13.150∗∗∗ -0.079∗∗∗ 0.059∗∗∗ 0.010∗∗∗ 0.010∗

(0.007) (1.098) (0.008) (0.005) (0.001) (0.005)
Panel B: Non-CPD
Sticker: 0.011∗∗∗ -35.487∗∗∗ -0.137∗∗∗ 0.086∗∗∗ 0.018∗∗∗ 0.033∗∗∗

(0.004) (3.308) (0.011) (0.007) (0.002) (0.007)
Non-Sticker: -0.011∗∗∗ -5.531∗∗∗ -0.049∗∗∗ 0.037∗∗∗ 0.005∗∗∗ 0.007

(0.004) (0.835) (0.008) (0.005) (0.001) (0.004)

Neighborhood-Level Estimates
Panel C: CPD
Sticker: 2,118∗∗∗ 200,991∗∗∗ 198∗ 1,237∗∗∗ 198∗∗∗ 485∗∗∗

(426) (44,071) (102) (215) (33) (95)
Non-Sticker: 10,901∗∗∗ 460,251∗∗∗ 5,922∗∗∗ 2,198∗∗∗ 281∗∗∗ 2,498∗∗∗

(1,442) (71,477) (897) (309) (45) (336)
Panel D: Non-CPD
Sticker: -322∗∗ -91,266∗∗∗ -414∗∗∗ 76 26∗∗∗ -10

(123) (19,768) (73) (62) (8) (25)
Non-Sticker: -3,367∗∗ -337,221∗∗∗ -2,356∗ -188 -16 -806∗∗∗

(1,516) (82,442) (1,185) (179) (19) (230)
Notes: This table reports difference-in-differences estimates of the change in ticketing behavior across neigh-
borhoods by ticket type and ticketing agency, estimated at the ticket level in Panels A and B and estimated
at the zip code level in Panels C and D. Each coefficient is from a separate regression and represents the
interaction of Black × Post. Panels A and C report results for tickets written by the Chicago Police Depart-
ment. Panels B and D reports results for tickets written by the Parking Enforcement Authority (Non-CPD).
Rows labeled as Sticker report results for sticker tickets and rows labeled as Non-Sticker report results for
all other tickets. Column 1 reports the probability a ticket is a sticker or non-sticker ticket or the number
of each ticket type in the area-level estimates. Column 2 reports the associated collected revenue, Columns
3-6 report the outcomes of the tickets as bankruptcy, dismissed, paid, or having received a notice of non-
payment. All regressions include zip code and year fixed effects. Standard errors clustered at the zip code
level are reported in parentheses. *** = significant at 1 percent level, ** = significant at 5 percent level, *
= significant at 10 percent level.
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Table 4: Decomposing Relative Contributions of Differential Compliance and Enforcement
in Sticker Ticketing Gap

Black Non-Black
Neighborhoods Neighborhoods Gap

Panel A: Levels (1) (2) (3)
∆ Tickets 1,886 -232 2,118
∆ Purchases 219 199 20
∆ Tickets - ∆ Purchases 1,668 -431 2,098
Enforcement Share 0.884 – 0.991

Panel B: Per Vehicle
∆ Tickets 0.116 -0.022 0.137
∆ Purchases 0.027 0.072 -0.044
∆ Tickets - ∆ Purchases 0.088 -0.093 0.093
Enforcement Share 0.763 – 0.678

Notes: This table calculates the enforcement share component of the observed change in sticker tickets. The
enforcement share is the change in observed sticker ticket volume, accounting for the observed differential
change in sticker purchases. Panel A reports this exercise in levels and Panel B reports this exercise in
per-vehicle terms. Column 1 reports single-difference estimates in Black neighborhoods, Column 2 reports
single-difference estimates in Non-Black neighborhoods, and Column 3 reports the difference-in-differences.
In Panel B, Column 3, we instead add ∆ Tickets and ∆ Purchases to account for the relative reduction in
sticker purchases.
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Table 5: Correlating Officer Policy Responses with Observable Characteristics
δj Response

Panel A: δj(Sticker, Black) (1) (2) (3) (4)
Male −0.001 −0.001

(0.003) (0.003)
Age −0.000∗∗ −0.000

(0.000) (0.000)
Hispanic −0.001 −0.002

(0.003) (0.003)
Asian or Native American −0.004 −0.005

(0.006) (0.006)
Black −0.010∗∗∗ −0.009∗∗

(0.004) (0.004)
Years Experience −0.001∗∗∗ −0.001∗

(0.000) (0.000)
Complaints per Year −0.000 −0.001

(0.002) (0.002)
Tickets Issued per Year (00s) 0.001 0.001

(0.001) (0.001)

Panel B: δj(Sticker, Non-Black)
Male 0.000 0.000

(0.002) (0.002)
Age −0.000 −0.000

(0.000) (0.000)
Hispanic 0.002 0.002

(0.002) (0.002)
Asian or Native American 0.011∗ 0.011∗

(0.006) (0.006)
Black −0.000 0.000

(0.002) (0.002)
Years Experience 0.000 0.000

(0.000) (0.000)
Complaints per Year 0.000 0.000

(0.002) (0.002)
Tickets Issued per Year (00s) 0.002∗∗∗ 0.002∗∗∗

(0.001) (0.001)
Observations 5,066 5,066 5,066 5,066
Unit Fixed Effects Yes Yes Yes Yes

Notes: This table reports regressions of officer-specific δj responses against officer-level observables. The
sample includes only police officers in patrol units. The dependent variable in Panel A is the officer-specific
δj for sticker tickets in Black neighborhoods and the dependent variable in Panel B is the corresponding δj

for sticker tickets in Non-Black neighborhoods. Experience, complaints and tickets issued per year are all
measured prior to the policy change. Robust standard errors are reported in parentheses. *** = significant
at 1 percent level, ** = significant at 5 percent level, * = significant at 10 percent level.
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Appendix: Additional Results
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Appendix Figure 1: Event Study Estimates of Non-Sticker Tickets and Outcomes at the
Ticket-Level by Issuing Agency

Panel A: P(Non-Sticker | Ticket) Panel B: E(Revenue | Ticket)
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Notes: This figure reports event study estimates of non-sticker ticketing behavior and non-sticker ticket
outcomes at the ticket level, estimated separately for the Chicago Police Department (CPD) and non-CPD
agencies. Each point represents the interaction of Blacki and the corresponding year fixed effect, relative
to the level in 2011. The blue points report estimates for CPD and the gray points represent estimates for
non-CPD. Shaded regions represent 95 percent confidence intervals with standard errors clustered at the
neighborhood level.
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Appendix Figure 2: Event Study Estimates of Non-Sticker Tickets and Outcomes at the
Neighborhood-Level by Issuing Agency

Panel A: Non-Sticker Tickets Panel B: Non-Sticker Ticket Revenue
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Notes: This figure reports event study estimates of non-sticker ticketing behavior and non-sticker ticket
outcomes at the neighborhood level, estimated separately for the Chicago Police Department (CPD) and
non-CPD agencies. Each point represents the interaction of Blacki and the corresponding year fixed effect,
relative to the level in 2011. The blue points report estimates for CPD and the gray points represent estimates
for non-CPD. Shaded regions represent 95 percent confidence intervals with standard errors clustered at the
neighborhood level.
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Appendix Figure 3: Event Study Estimates of Sticker Tickets and Outcomes at the Census
Tract-Level by Issuing Agency

Panel A: Sticker Tickets Panel B: Sticker Ticket Revenue
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Notes: This figure reports event study estimates of sticker ticketing behavior and sticker ticket outcomes at
the neighborhood (Census tract) level, estimated separately for the Chicago Police Department (CPD) and
non-CPD agencies. Each point represents the interaction of Blacki and the corresponding year fixed effect,
relative to the level in 2011. The blue points report estimates for CPD and the gray points represent estimates
for non-CPD. Shaded regions represent 95 percent confidence intervals with standard errors clustered at the
neighborhood level.
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Appendix Figure 4: Distribution of Tickets Around the End of Sticker Renewal Grace
Period: 2011-2012

Panel A: CPD Sticker Tickets Panel B: Non-CPD Sticker Tickets
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Notes: This figure reports the number of tickets issued per day in 2011 and 2012 by CPD and non-CPD
ticketing agencies. Light blue histograms represent 2011 and dark blue histograms represent 2012. The
x-axis is normalized to the end of the year-specific sticker renewal grace period and includes 15 days before
and 90 days after the grace period. Panels A and C ticketing distributions for CPD and Panels B and D
report ticketing distributions for non-CPD agencies. The upper panels report the distribution of sticker
tickets and the lower panels report the distribution of non-sticker tickets.
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Appendix Figure 5: Event Study Estimates of Sticker Purchasing Behavior

Panel A: Stickers Purchased - All Panel B: Sticker Purchase Revenue - All
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Notes: This figure reports event study estimates of sticker purchases and sticker purchase revenue at the
neighborhood level. Each point represents the interaction of Blacki and the corresponding year fixed effect,
relative to the level in 2011. All includes passenger, large vehicles, and motorcycles, the latter of which
we exclude from the decomposition in the lower panels. Corresponding difference-in-differences estimates
are reported in each panel. Shaded regions represent 95 percent confidence intervals with standard errors
clustered at the neighborhood level. *** = significant at 1 percent level, ** = significant at 5 percent level,
* = significant at 10 percent level.
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Appendix Figure 6: Joint Distributions of Neighborhood-Level Estimates and Crime Levels

Panel A: ∆ Tickets and Crime - CPD Panel B: ∆ Tickets and Crime - Non-CPD
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Notes: This figure reports joint distributions of neighborhood-level one-way difference estimates across dif-
ferent outcomes, along with neighborhood-level estimates with pre-reform characteristics. Panels A and B
plot the change in sticker tickets for Black and non-Black neighborhoods for CPD and non-CPD agencies,
respectively, against neighborhood crime levels. Neighborhood crime is measured as the annual average from
2008-2011. We use levels rather than rates for exposition to account for a handful of commercial neighbor-
hoods with low population, although results using rates are similar. Each point represents a neighborhood,
defined at the zip code level. Navy dots represent Black neighborhoods and gray circles represent non-Black
neighborhoods. Dashed lines represent linear lines of best fit, estimated separately by neighborhood type.

44



Appendix Figure 7: Estimating and Decomposing Officer-Specific Responses to Sticker
Fine Increase - Empirical Bayes-Adjusted

Panel A: P(Sticker | Ticket) Panel B: E(Revenue | Sticker Ticket)
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Notes: This figure plots Empirical Bayes-adjusted estimates of δj for different outcomes against each other.
In Panels A and B we plot estimates of neighborhood race-specific δj responses against the overall race-
agnostic δj response on the x-axis. In Panels C and D, we plot the race-specific sticker ticket outcomes
against the race-specific sticker ticket responses, separately by race. There are 100 bins per outcome in the
top two panels and 40 bins per outcome in the lower two panels. For exposition, we drop the first and last bin
for each outcome. Reported coefficients estimated on the underlying officer-level estimates. Robust standard
errors are reported in parentheses. *** = significant at 1 percent level, ** = significant at 5 percent level, *
= significant at 10 percent level.
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Appendix Figure 8: Officer-Specific Policy Responses and Assignment Demographics
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Notes: This figure reports the correlation between officer-specific δj sticker ticket responses by neighborhood
demographic group and the demographic composition of the modal unit assignment. Each point repre-
sents a separate unit assignment and plots the within-bin mean against share Black. Blue dots denote
δj(Sticker, Black) responses (left axis) and gray circles represent δj(Sticker, Non − Black) responses (right
axis). Dashed lines denote linear fits. Reported coefficients and standard errors are estimated on the under-
lying data. Robust standard errors are reported in parentheses. *** = significant at 1 percent level, ** =
significant at 5 percent level, * = significant at 10 percent level.
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Appendix Table 4: Difference-in-Differences Estimates of Disparate Ticketing and Ticket
Outcomes at Census Tract-Level

Tickets Revenue Paid Notice Bankruptcy Dismissed
Ticket-Level Estimates (1) (2) (3) (4) (5) (6)
Panel A: CPD
Sticker: 0.045∗∗∗ -36.638∗∗∗ -0.113∗∗∗ 0.084∗∗∗ 0.018∗∗∗ 0.011∗∗∗

(0.003) (1.385) (0.005) (0.004) (0.001) (0.004)
Non-Sticker: -0.045∗∗∗ -14.119∗∗∗ -0.086∗∗∗ 0.062∗∗∗ 0.010∗∗∗ 0.013∗∗∗

(0.003) (0.531) (0.003) (0.002) (0.001) (0.003)
Panel B: Non-CPD
Sticker: 0.013∗∗∗ -38.343∗∗∗ -0.152∗∗∗ 0.095∗∗∗ 0.018∗∗∗ 0.039∗∗∗

(0.002) (1.436) (0.005) (0.004) (0.001) (0.004)
Non-Sticker: -0.013∗∗∗ -6.286∗∗∗ -0.052∗∗∗ 0.039∗∗∗ 0.005∗∗∗ 0.008∗∗∗

(0.002) (0.331) (0.003) (0.002) (0.001) (0.002)

Neighborhood-Level Estimates
Panel C: CPD
Sticker: 135∗∗∗ 12,371∗∗∗ 20∗∗∗ 72∗∗∗ 11∗∗∗ 32∗∗∗

(9) (898) (3) (5) (1) (2)
Non-Sticker: 881∗∗∗ 37,368∗∗∗ 525∗∗∗ 140∗∗∗ 16∗∗∗ 199∗∗∗

(106) (5,459) (70) (9) (1) (30)
Panel D: Non-CPD
Sticker: -27∗∗∗ -8,847∗∗∗ -28∗∗∗ 2 1∗∗∗ -2∗

(4) (627) (2) (1) (0) (1)
Non-Sticker: -225∗∗∗ -26,197∗∗∗ -139∗∗ -18∗∗ -2∗∗ -65∗∗∗

(80) (5,401) (56) (9) (1) (16)
Notes: This table reports difference-in-differences estimates of the change in ticketing behavior across neigh-
borhoods by ticket type and ticketing agency, estimated at the ticket level in Panels A and B and estimated
at the tract level in Panels C and D. Each coefficient is from a separate regression and represents the inter-
action of Black ×Post. Panels A and C report results for tickets written by the Chicago Police Department.
Panels B and D reports results for tickets written by the Parking Enforcement Authority (Non-CPD). Rows
labeled as Sticker report results for sticker tickets and rows labeled as Non-Sticker report results for all
other tickets. Column 1 reports the probability a ticket is a sticker or non-sticker ticket or the number of
each ticket type in the area-level estimates. Column 2 reports the associated collected revenue, Columns
3-6 report the outcomes of the tickets as paid, received a non-payment notice, bankrupt, or dismissed. All
regressions include tract and year fixed effects. Standard errors clustered at the tract level are reported in
parentheses. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10
percent level.
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Appendix Table 5: Decomposing Differential Outcomes by Owner Zip Code Demographics
Tickets Revenue Paid Notice Bankruptcy Dismissed

Ticket-Level Estimates (1) (2) (3) (4) (5) (6)
Panel A: CPD
Main: 0.038∗∗∗ -30.886∗∗∗ -0.094∗∗∗ 0.070∗∗∗ 0.014∗∗∗ 0.010

(0.007) (3.734) (0.012) (0.011) (0.003) (0.008)
Black Zip Owner: -0.021∗∗∗ -0.193 -0.131∗∗∗ 0.083∗∗∗ 0.017∗∗∗ 0.010∗∗∗

(0.006) (1.385) (0.007) (0.009) (0.002) (0.002)
Non-Black Zip Owner: 0.006 -28.517∗∗∗ 0.025∗∗∗ -0.011 -0.002 -0.006∗

(0.007) (3.127) (0.009) (0.007) (0.002) (0.003)
Panel B: Non-CPD
Main: 0.011∗∗∗ -35.487∗∗∗ -0.137∗∗∗ 0.086∗∗∗ 0.018∗∗∗ 0.033∗∗∗

(0.004) (3.308) (0.011) (0.007) (0.002) (0.007)
Black Zip Owner: 0.001 16.750∗∗∗ -0.108∗∗∗ 0.090∗∗∗ 0.016∗∗∗ 0.003

(0.005) (2.178) (0.005) (0.007) (0.002) (0.002)
Non-Black Zip Owner: -0.004 -46.116∗∗∗ -0.028∗∗∗ 0.009∗ 0.004∗∗∗ 0.011∗∗∗

(0.007) (2.491) (0.008) (0.004) (0.001) (0.002)

Neighborhood-Level Estimates
Panel C: CPD
Main: 2,118∗∗∗ 200,991∗∗∗ 198∗ 1,237∗∗∗ 198∗∗∗ 485∗∗∗

(426) (44,071) (102) (215) (33) (95)
Black Zip Owner: 1,193∗∗∗ 141,522∗∗∗ -70 916∗∗∗ 154∗∗∗ 192∗∗∗

(256) (28,708) (58) (148) (22) (37)
Non-Black Zip Owner: 696∗∗∗ 51,678∗∗∗ 232∗∗∗ 298∗∗∗ 41∗∗∗ 124∗∗∗

(162) (17,891) (53) (81) (13) (31)
Panel D: Non-CPD
Main: -322∗∗ -91,266∗∗∗ -414∗∗∗ 76 26∗∗∗ -10

(123) (19,768) (73) (62) (8) (25)
Black Zip Owner: -70 15,913 -198∗∗∗ 108∗∗ 21∗∗∗ -2

(71) (9,658) (46) (45) (6) (9)
Non-Black Zip Owner: -250∗∗∗ -101,006∗∗∗ -200∗∗∗ -31 4 -24∗∗

(54) (13,310) (35) (20) (3) (10)
Notes: This table decomposes our main difference-in-differences estimates into outcomes experienced by
owners in majority (>75 percent) Black neighborhoods and those in non-Black majority neighborhoods. We
interact each outcome in the column title with indicators for Blacki and (1 − Blacki). The “Main” row
reproduces our main text estimate and the corresponding “Black” and “Non-Black” rows decompose the
Main outcome following the previous description. Due to missing owner information for some tickets, the
decomposition will not exactly add to the full sample estimate. Panels A and C report results for CPD-
written tickets and Panels B and D report results for non-CPD-written tickets. The upper panels report
ticket-level estimates and the lower panels report neighborhood-level estimates. Standard errors clustered
at the zip code level are reported in parentheses. *** = significant at 1 percent level, ** = significant at 5
percent level, * = significant at 10 percent level.
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Appendix Table 6: Testing Departmental Responses to Alternative Treatment Margins
Sticker Tickets

Panel A: CPD (1) (2) (3) (4) (5)
Black × Post 2,118∗∗∗ 1,657∗∗∗

(426) (409)
High Income × Post -532∗∗ 135

(244) (186)
High Sticker Ticket Rate × Post 1,538∗∗∗ 648∗∗

(402) (290)
High Sticker Ticket Payment Rate × Post -704∗∗∗ -226

(254) (203)

Panel B: Non-CPD
Black × Post -322∗∗ -196

(123) (138)
High Income × Post 35 35

(126) (119)
High Sticker Ticket Rate × Post -328∗∗∗ -267∗∗

(96) (105)
High Sticker Ticket Payment Rate × Post -82 -211∗∗

(111) (104)
Notes: This table presents difference-in-differences estimates using alternative treatment definitions. Panel
A reports results for CPD-written tickets, and Panel B reports results for non-CPD-written tickets. The
corresponding interaction is listed in each row. The outcome in all columns is the number of sticker tickets.
Non Black alternative treatment definitions are defined as above or below the sample median. All regressions
include zip code and year fixed effects. Standard errors clustered at the zip code level are reported in
parentheses. *** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10
percent level.
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Appendix Table 7: Decomposing Differential Outcomes by Non-Race Neighborhood
Characteristics Within Black Neighborhoods

Sticker Ticket Sticker Ticket
Income Rate Payment Rate

High Low High Low High Low
Panel A: CPD (1) (2) (3) (4) (5) (6)
Sticker 2,745∗∗∗ 1,491∗∗∗ 2,223∗∗∗ 1,176∗∗∗ 903∗∗∗ 2,173∗∗∗

(471) (553) (422) (307) (250) (410)
p-value 0.079 0.000 0.000

Panel B: Non-CPD
Sticker -368∗∗ -275∗ -428∗∗∗ -263∗∗ -96 -432∗∗∗

(165) (161) (152) (125) (108) (139)
p-value 0.670 0.220 0.029

Notes: This table reports difference-in-differences results which decompose the differential response in Black
neighborhoods along other non-race characteristics, estimated at the neighborhood-level. Each non-race
characteristic is defined in the pre-reform period and splits the subsample of Black neighborhoods into
above- and below-median groups based on the statistic listed in the column title. Sticker ticket rate is the
fraction of neighborhood tickets which are sticker tickets. Sticker ticket payment rate is the fraction of
neighborhood sticker tickets which are paid. Panel A reports results for CPD-written tickets and Panel B
reports results for non-CPD-written tickets. Listed p-values test for differences between coefficient estimates
in Black neighborhoods. All regressions include zip code and year fixed effects. Standard errors clustered
at the zip code level are reported in parentheses. *** = significant at 1 percent level, ** = significant at 5
percent level, * = significant at 10 percent level.
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Appendix Table 8: Difference-in-Differences Estimates of Neighborhood-Level Disparate
Ticketing and Ticket Outcomes Using First Sticker Ticket per Year

Tickets Revenue Paid Notice Bankruptcy Dismissed
(1) (2) (3) (4) (5) (6)

Panel A: CPD
All: 2,157∗∗∗ 238,427∗∗∗ 266∗∗ 1,279∗∗∗ 219∗∗∗ 391∗∗∗

(418) (48,032) (107) (219) (36) (74)
First-Time: 1,036∗∗∗ 152,914∗∗∗ 191∗∗∗ 505∗∗∗ 81∗∗∗ 258∗∗∗

(207) (30,735) (70) (88) (12) (46)
Panel B: Non-CPD
All: -371∗∗∗ -88,640∗∗∗ -414∗∗∗ 49 27∗∗∗ -33∗

(97) (18,994) (68) (44) (7) (17)
First-Time: -344∗∗∗ -72,475∗∗∗ -309∗∗∗ -9 7∗∗ -33∗∗∗

(66) (14,504) (46) (19) (3) (12)
Notes: This table reports difference-in-differences estimates for first-time sticker tickets at the neighborhood-
level, separately by ticketing agency. The sample contains tickets issued from 2007-2017, where we have
license plate data. We define the first-time sticker ticket as the first sticker ticket issued to that license plate
in a given calendar year. The “All” row includes all sticker tickets in the sample 2007-2017 sample period.
Panel A reports results for CPD-written sticker tickets and Panel B reports results for non-CPD-written
sticker tickets. The outcome is listed in the column title. All regressions include zip code and year fixed
effects. Standard errors clustered at the zip code level are reported in parentheses. *** = significant at 1
percent level, ** = significant at 5 percent level, * = significant at 10 percent level.
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Appendix Table 9: Correlating Officer Policy Responses with Observable Characteristics -
All Officers

δj Response
Panel A: δj(Sticker, Black) (1) (2) (3) (4)
Male −0.000 −0.001

(0.003) (0.003)
Age −0.000∗∗∗ −0.000

(0.000) (0.000)
Hispanic −0.001 −0.001

(0.003) (0.003)
Asian or Native American −0.005 −0.006

(0.006) (0.006)
Black −0.009∗∗ −0.008∗∗

(0.003) (0.004)
Years Experience −0.001∗∗ −0.000

(0.000) (0.000)
Complaints per Year −0.000 −0.001

(0.002) (0.002)
Tickets Issued per Year (00s) 0.001 0.000

(0.001) (0.001)

Panel B: δj(Sticker, Non-Black)
Male 0.001 0.000

(0.002) (0.002)
Age −0.000 −0.000

(0.000) (0.000)
Hispanic 0.000 0.001

(0.002) (0.002)
Asian or Native American 0.005 0.006

(0.006) (0.006)
Black −0.001 −0.000

(0.002) (0.002)
Years Experience 0.000 0.000

(0.000) (0.000)
Complaints per Year 0.001 0.001

(0.001) (0.001)
Tickets Issued per Year (00s) 0.001∗ 0.001∗

(0.001) (0.001)
Observations 6,256 6,256 6,256 6,256
Unit Fixed Effects Yes Yes Yes Yes

Notes: This table reports regressions of officer-specific δj responses against officer-level observables. The
sample includes all police officers. The dependent variable in Panel A is the officer-specific δj for sticker
tickets in Black neighborhoods and the dependent variable in Panel B is the corresponding δj for sticker
tickets in Non-Black neighborhoods. Experience, complaints and tickets issued per year are all measured
prior to the policy change. Robust standard errors are reported in parentheses. *** = significant at 1 percent
level, ** = significant at 5 percent level, * = significant at 10 percent level.
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