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Abstract

This paper provides evidence of racial variation in traffic enforcement responses to local

government budget stress using data from policing agencies in the state of Missouri from

2001 through 2012. Like previous studies, we find that local budget stress is associated with

higher citation rates; we also find an increase in traffic-stop arrest rates. However, we find

that these effects are concentrated among white (rather than black or Latino) drivers. The

results are robust to the inclusion of a range of covariates and a variety of model specifications,

including a a regression-discontinuity examining bare budget shortfalls. Considering potential

mechanisms, we find that targeting of white drivers is higher where the white-to-black income

ratio is higher, consistent with the targeting of drivers who are better able to pay fines. Further,

the relative effect on white drivers is higher in areas with statistical over-policing of black

drivers: when black drivers are already getting too many fines, police cite white drivers from

whom they are presumably more likely to be able to raise the needed extra revenue. These

results highlight the relationship between policing-as-taxation and racial inequality in policing

outcomes.
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1 Introduction

New models of policing combining aggressive tactics with data-driven management metrics have

created tensions between the residents of low-income communities – often home to members of

racial and ethnic minority groups – and the police (Heymann 2000; Tyler and Fagan 2008), with

little evidence of substantial public safety gains (MacDonald, Fagan and Geller 2016). In this arti-

cle, we examine how institutional changes can affect racially targeted policing, where historically

traffic and misdemeanor enforcement has been concentrated among drivers and residents in com-

munities subjugated by race and class (Soss and Weaver 2017). Our goal is to provide evidence on

how the institutional priorities of law enforcement agencies influence racial disparities in policing

activities, which could potentially lead to the reproduction of disadvantage among heavily policed

populations.

A large literature has documented that traffic police disproportionately target black and Latino

drivers when making stops (Pierson et al. 2017). At the micro level of individual traffic stops,

scholars have formalized conditions for measuring discrimination and econometricians and polit-

ical scientists have identified it in traffic stop data (e.g. Knowles, Persico and Todd 2001; Rojek,

Rosenfeld and Decker 2004; Soss and Weaver 2017; Grogger and Ridgeway 2006). At the macro

level, the consequences of this discrimination have been observed in entire criminal justice sys-

tems, entire communities, and entire states (Fagan and Ash 2017; Baumgartner, Epp and Shoub

2018). In this paper, we ask how shifting institutional motivations – that appear, on the surface, to

be race-neutral – influence racial discrimination in traffic stops.

A baseline motivation for policing is the desire to establish “social control” within poor com-

munities of color (Soss and Weaver 2017). The advent of “law and order” policing in the 1960s and

successive Wars on Crime continue to influence modern-day policing (Including: Soss and Weaver

2017; Hinton 2016; Council et al. 2004; Wilson and Kelling 1982). Officers motivated to quell

urban “disorder” are more likely to police residents in poorer communities of color, contributing

to racially disparate outcomes in traffic stop and street encounters.
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However, another line of research has examined the public-finance motivations underlying ag-

gressive policing. It is well-documented that local governments rely on revenue from traffic tickets,

and officials often look to this source of revenue to help overcome budget shortfalls (DOJ 2015).

In fact, some jurisdictions structure revenues that they anticipate from fines, fees, and seizures into

agency budgets (Baicker and Jacobson 2007). Other jurisdictions pursue these revenue-generating

activities not only to provide municipal services, but to sustain their own police forces. For ex-

ample, the recent Ferguson Report issued by the U.S. Department of Justice suggests that the

municipality tried to cloak its taxing power in the exercise of police power by functionally equat-

ing the power of taxation with the power to punish (DOJ 2015). The report noted that local police

in Ferguson and nearby communities had grown to depend on these revenue streams to sustain

the size of the police force and to pay salaries and annual increases to the officers. Significant

racial differences in traffic stops persist five years after the protests in Ferguson (and four years

after the DOJ Report),1 illustrating how deeply embedded are these practices in the political and

institutional culture.

In this paper, we explore, empirically, the intersection of race, policing, and this use of fees and

fines as a form of latent taxation. We hope to shed light on how law enforcement’s fiscal pressures

interact with its treatment of members of different racial groups, often leading to a set of monetary

burdens on those most closely surveilled and least likely to have the financial resources to shoulder

those burdens. We use data from the state of Missouri to assess whether police officers’ ticketing

behaviors are discriminatory, whether the disparity in ticketing changes when a municipality is

faced with governmental pressures to increase ticketing revenue, and what these changes may

suggest about law enforcement’s preferences when it comes to race and punishment.

To provide empirical evidence on these issues, we construct a data set on local fiscal stress

for 196 local policing agencies in Missouri from 2001-2012. When local governments experience

negative budgetary shocks (shortfalls), police may be given incentives to increase traffic enforce-

ment to generate revenue (Garrett and Wagner 2009), or to shift resources to enforcement activities

1John Eligon, “Stopped, Ticketed, Fined: The Pitfalls of Driving While Black in Ferguson,” New York Times, 6
August 2019.
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more likely to generate revenue. We use traffic enforcement and arrest data to assess the effects

of fiscal pressure. Our innovation from the previous literature on the relationship between fiscal

distress and policing is that we consider effects across different groups of drivers.

Consistent with research on social control, discrimination, and policing, we find that traffic

police in Missouri stop black and Latino drivers more frequently than white drivers, as a share

of the local population. However, we find that in times of budget stress, local police and sheriffs

increase their targeting of white drivers. Holding the number of traffic stops constant, the citation

rate and arrest rate for white drivers increases. There is no effect on citations and arrests of non-

white drivers. The finding is robust to a number of alternative specifications and checks, and it

does not appear to be driven by confounding trends. The result holds in a regression-discontinuity

(RD) framework where, if a locality barely has a revenue shortfall, there is an increase in citation

rates for white drivers but not for black and Latino drivers.

These results may reflect a different set of institutional pressures regarding law enforcement

and race than those that produce or increase racial discrimination, such as baseline commitments

to social control or pressures related to the electoral cycle (Kubik and Moran 2003; Park 2014; Soss

and Weaver 2017). Instead, the results are consistent with a model where traffic police selectively

target presumably higher-income drivers to compensate for budget stress. Rather than being re-

sponsive to traditional discriminatory pressures – whether they arise from taste-based preferences,

statistical discrimination, or institutional priorities – officers’ increased citation and arrest rates of

white drivers may be indicative of a shift of resources towards targeting motorists where there is

more scope for increased revenues.

We explore two key reasons for a white-black difference in expected profitability. First, white

drivers may have higher incomes than black drivers and therefore be more likely to be able to pay

fines. To probe this possibility, we examine whether our estimates depend on the ratio of incomes

of white residents to black residents in the local community. Indeed, we find that the targeting of

white drivers in citation and arrest rates is most prevalent where the white-to-black income ratio

is highest. Therefore the evidence supports relative income across drivers as a significant factor in
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revenue-generating policing decisions, specifically during times of municipal fiscal distress.

A second potential explanation is that targeting of white drivers is a side effect of pre-existing

over-policing in black communities. That is, black drivers may already be getting stopped and

cited as much as possible, so stopping an additional black driver is unlikely to produce a revenue-

generating ticket (because there are not enough black drivers committing cite-able traffic viola-

tions, or who are willing or able to pay). We find evidence consistent with this mechanism: tar-

geting white drivers under fiscal pressure is highest in areas with the highest black stop intensity

(stops of black drivers per black resident). In other words, our findings suggest, that when pressed

to find new revenue streams to self-finance policing, discriminatory policing shifts from the usual

targets of social control (black drivers with relatively limited economic resources) to relatively

high-income white drivers (normally the lowest-priority targets for social control through polic-

ing).

2 Background

Racial disparities in traffic stops and citations are widespread in Missouri (Hernández-Murillo and

Knowles 2004; Rojek, Rosenfeld and Decker 2004; Rosenfeld, Rojek and Decker 2011; Missouri

2019) and elsewhere (Harris 1999; Epp, Maynard-Moody and Haider-Markel 2014; Pierson et al.

2017; Baumgartner, Epp and Shoub 2018). Earlier research on discriminatory enforcement in

highway searches suggested two alternative explanations. Either police were stopping people of

color more often because they were more likely to have drugs or contraband (what economists refer

to as statistical discrimination), or police were stopping these motorists more often because of their

preferences for stopping people of color (what economists refer to as taste-based discrimination)

(Persico and Todd 2006; Gross and Barnes 2002; Knowles, Persico and Todd 2001). However,

research has also shown that even though they are searched and stopped at higher rates than whites,

stops of black and Latino drivers are often less likely to result in the discovery of contraband

(Stanford Open Policing Project 2019; Goel et al. 2017). Such findings mirror those from analyses
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of stop and frisk and similar policies, where blacks and those in poor neighborhoods are stopped

and frisked more frequently than whites, but less likely to be found in possession of contraband,

suggesting race-based discrimination (Fagan et al. 2009; Harcourt 2008; Soss and Weaver 2017).

Taste- or race-based discrimination in traffic stops is consistent with a police force motivated

by a desire to establish “social control” (Soss and Weaver 2017) within poor communities of color.

The advent of “law and order” policing in the 1960s and the Wars on Crime and Drugs have

had long-lasting effects (Soss and Weaver 2017; Hinton 2016; Harmon 2012; Wilson and Kelling

1982). The models of policing that have emerged since then and through the 2000s continue to

share a commitment to “the elimination of disorder and the regulatory enforcement of codes against

disordered people and places” (Soss and Weaver 2017, pp. 570). As long as such “disorder”

is associated with poor communities of color we should continue to expect to observe racially

disparate policing outcomes, including those stemming from traffic stops.

The interactions between racial discrimination in policing and the pressure on officers to maxi-

mize revenue are complex. Monetary penalties have proven to be quite popular in state legislatures

and in criminal legal institutions. Fines are seen both as a legitimate deterrent to wrongdoing and

a means of transferring the costs of criminal justice administration (courts, police, prisons, etc.) to

those accused of breaking the law, costs that would otherwise fall on ostensibly law-abiding tax-

payers. In addition, unlike prison, fines do not keep the defendant out of the workforce. However,

these fines and related fees (including late payment fees and court fees) can act as a latent tax on

poor people (CEA 2015; Bannon, Nagrecha and Diller 2010; Harris 2017). Traffic stops can pro-

vide a politically expedient mechanism to generate revenue, since the related fines and fees allow

state and local legislators to get around tough rules limiting local tax increases. Fines and admin-

istrative fees offer the executive a path to budgetary relief with limited legislative involvement or

court oversight, allowing for de facto taxation by administrative rule making.

Recent studies, such as the DOJ Ferguson Report (DOJ 2015), provide evidence of this in-

strumental motivation for police to pursue traffic stops: maximizing revenue to police agencies to

sustain or expand police budgets. The Ferguson Report (2015) also illustrates how this revenue-
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generating regime disproportionately penetrates communities with high proportions of people of

color. Disparate treatment at each stage of processing skews the criminal justice “tax” toward

blacks and Latinos, whose economic position often is more tenuous than that of their white coun-

terparts (Parker, Lane and Alpert 2010). The case of Ferguson is part of the broader geography of

racial targeting in aggressive policing (Geller et al. 2014; Fagan and Ash 2017).

Police departments are often encouraged to maintain revenues from fines and fees at the ex-

pected level, and local executives have even reminded police departments that these revenues di-

rectly affect officers’ pay. For example, in the appendix we include an infamous memo by Mayor

John Gwaltney of Edmundson, Missouri, encouraging the local police department to write more

tickets. In the letter, the mayor reminds the police department that “the tickets [officers] write do

add to the revenue on which the [police department] budget is established and will directly affect

pay adjustments at budget time.”

Research has shown that the kind of budgetary priorities expressed in Mayor Gwaltney’s memo

do impact officers’ behavior, but that impact does not necessarily overpower any racial biases

or preferences that may be driving officers’ behavior. For example, Makowsky and Stratmann

(2009) use Massachusetts traffic citation data to find that officers’ budget-maximizing behaviors

are shaped by political considerations as well as preferences regarding race and gender. Even crit-

ics of the evidence of racial bias in revenue-focused policing acknowledge the pressure on local

institutions to focus enforcement on those perceived as “outsiders” (Heriot 2017). And most re-

cently, Goldstein, Sances and You (2018) analyze data from 90,000 local governments and find that

municipalities relying on fines and fees as a greater share of revenue have lower violent and prop-

erty crime clearance rates, as police departments’ energies are directed toward revenue-generating

activities. Rather than competing motivations of social control versus revenue maximization, rev-

enue generation and race-based policing seem to exist in an equipoise.

The use of arrest- or ticketing-generated revenues to offset budget shortfalls is hardly confined

to Missouri (Sobol 2016). For example, Garrett and Wagner (2009) find that police in North Car-

olina issued more tickets after local revenue shortfalls, and Rowe (2010) find that discrimination
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against out-of-town drivers in traffic enforcement by police in Massachusetts is motivated by rev-

enue shortfalls. Baicker and Jacobson (2007) show that laws permitting police seizures of money

incentivized police to increase drug arrest activities, leading to a tug-of-war between police and lo-

cal public finance authorities. Surveying this literature, the Council of Economic Advisers (2015)

concluded that “[i]ncreases in criminal justice spending have put a strain on local criminal justice

budgets and led to the broader use of fine[s], penalties, and itemized criminal justice fees in an

effort to support budgets.”

We seek to identify the types of drivers officers target when given increased incentives to bring

in revenue. If baseline traffic stop, citation, and arrest rates are disparate across drivers’ racial

identities, a change in officers’ incentive structure could result in shifts in those disparities. For ex-

ample, Gordon and Huber (2007) show that when trial judges are up for election, they issue harsher

criminal sentences, and Berdejo and Yuchtman (2013) show that criminal sentences are 10% longer

as judges approach the end of their electoral cycle. Park (2014) finds that this electoral-pressure

effect is disproportionately focused among black defendants. Relatedly, Kubik and Moran (2003)

find that states are approximately 25 percent more likely to conduct executions in gubernatorial

election years than in other years, and that there is a larger effect on the probability that a black

defendant will be executed than on the probability that a white defendant will be executed.

This paper aims to identify how institutional enforcement incentives affect racial disparities

in police traffic stops. The Ferguson Report (2015) found evidence of fiscal enforcement motives

within the courts, city government, and the police, in particular; the interaction of these fiscal

motives with traffic officers’ decision making may provide additional insights about the structure

of discriminatory policing. If police are responsive to fiscal pressures and aware that shifting

resources away from racially discriminatory stops may result in higher revenue, we might expect to

see a shift of officers’ attention away from black and Latino drivers and toward white drivers, who

may be relatively more able to pay the related fines. In other words, during times of municipal fiscal

distress, officers might prioritize the incentive to bring in revenue (that could be directed toward

their department and their own salaries) over baseline preferences for discriminatory policing, or
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at least attempt to balance the two.

One possibility is that the political economy of local policing makes it more costly for law

enforcement to impose the latent taxation of consistent traffic citations on higher income motorists

who may have more political influence; to the extent that officers use race as a proxy for this influ-

ence, they may target non-white drivers for consistent enforcement. Even if less well-off black and

Latino drivers have less ability to pay on average, targeting them consistently may maximize long

run revenues if their relative lack of political power and resources (compared to whites) prevents

them from effectively challenging discriminatory enforcement. Higher income, disproportionately

white, motorists may serve as a ready source of additional revenue in the short run, specifically in

times of fiscal distress. Although the individual racial preferences of officers are likely to impact

enforcement discrepancies (Donohue and Levitt 2001), as are the institutional decisions within

each police department, revenue-maximizing policing may also be guided by the different rev-

enue elasticities of enforcement that local officials expect to encounter among groups with varying

political power (Makowsky, Stratmann and Tabarrok 2018).

3 Data

The paper merges two main datasets for the analysis. The first is the local government finances data

for Missouri, from which we construct a measure of budget distress. The second is the agency-level

traffic stops data, used to construct measures of traffic enforcement effort across racial groups.

There are 769 agencies in the dataset, for which we have 13 years of annual panel data from

2000 through 2012. We also include a variety of municipal- and county-level census demographic

measures.

The data on local government financial accounts come from the IndFin local government fi-

nances census dataset. The accounts data includes items on revenues, expenditures, assets, and

liabilities. The data are matched to municipal governments (police departments) and county gov-

ernments (sheriff’s departments).
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IndFin is a survey of all local governments administered every five years; if the localities do

not provide previous years’ data, those values are imputed by Bureau of Census statisticians. This

induces measurement error but should not bias the estimates away from zero in either direction.

There is some missing data in the census, which we partly filled in using annual financials directly

from the state of Missouri.

Our preferred measure of local fiscal distress is based on Garrett and Wagner (2009). We have

the log government revenue for agency i at year t, Git . In the regression models that follow, our

measure of Fiscal Distress at year t is the proportional change in log revenue for the previous year,

∆Git−1. This is meant to summarize the idea that there is a revenue problem that is realized at

the end of the year, which the government may try to make up for the next year through increased

ticketing. The reason for using revenues, without including expenditures, is that they are not as

easily changed by local government, and therefore an exogenous “end of year” effect on policing

decisions is more plausible. Still, we have tried using expenditures minus revenues as an alternative

measure for fiscal distress, and our main results are the same.2

In addition, we include a regression discontinuity specification where we look at discrete

changes in policing around the threshold of a negative budget change. For the RD specification, the

variable Budget Shortfall is defined as ∆Git−1 < 0; that is, it equals one if revenue collections went

down last year. We tried an “in-the-red” specification where treatment is years where expenditures

were higher than revenues, but we found no effects in that specification.

The data on traffic stops come from the Missouri Attorney General’s Racial Profiling database.

This is an annual survey of policing agencies that includes a distribution across race and ethnicity

for all traffic policing actions. Missouri has been collecting statewide incident-level data on police

traffic stops since 2001. The form that agencies have to fill out for every traffic stop is included

in the appendix. We have access to aggregate data, by agency and the race/ethnicity of the person

stopped, for the years 2001 through 2013, and use the years 2001 through 2012. Hernández-

Murillo and Knowles (2004), Rojek, Rosenfeld and Decker (2004), and Rosenfeld, Rojek and

2Alternatively, results are also robust to including log expenditures as a control.
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Decker (2011) all have used these data to analyze aggregate racial disparities in traffic stops at

different points in time.

The merged traffic stop and finance data include over 700 of Missouri’s counties and cities,

while smaller municipalities, such as villages, are not included. We do not include these smaller

municipalities, because they are difficult to merge with finance data (they may be less likely to re-

spond to the IndFin survey, municipality names were less consistent for these locations, and some

municipalities cross county borders). However, these smaller municipalities have far fewer traffic

stops than those included in the dataset, and they also typically have populations that are less di-

verse, racially. The local finance data are available for most of the sheriff’s and police departments

in the dataset for the years 2002, 2007, and 2012 when the IndFin survey was conducted, with more

departments responding in 2007 and 2012 than in 2002. In non-survey years, we have finance data

for 196 departments, including 69 sheriff’s departments and 127 police departments.3

The main variable of interest from IndFin is log revenue changes. We use the log revenue

change for the previous year as a sign of fiscal health. The distribution of this variable is included

in the appendix. We don’t see any sign of manipulation of revenues around the zero cutoff.

Finally, we collected and merged in a range of demographic variables from the American Com-

munity Survey (ACS), matchable to county or municipality. We use the ACS three-year estimates

that span the time period included in this study. We use these as controls, interacted with year, and

we also use them in heterogeneity analyses, included below.

We focus on four outcome variables constructed from the racial profiling data. First, we com-

pute the citation rate, which is the number of citations issued by agency i to drivers of race r

during year t, divided by the number of total traffic stops by agency i of drivers of race r during

year t. Similarly, the search rate is the number of searches divided by the number of stops. The hit

rate is the number of contraband discoveries divided by the number of searches. The arrest rate

is the number of arrests divided by the number of stops. Summary statistics for these measures,

3As mentioned, we obtained annual data for most localities directly from the state of Missouri. Our main results
were similar using data from the state rather than IndFin. With the state data, the RD specification generated larger
and more significant effects. The effects with the continuous treatment were less robust.
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by race, are reported in Table 1. We also report the stops per person, where the numerator is total

stops for a racial/ethnic group and the denominator is the local population identifying with that

racial/ethnic group from the 2000 and 2010 censuses, with the intervening years interpolated.

[Table 1 about here]

There are few differences by race or ethnicity in the citation rates. However, search and arrest

rates are significantly higher for black and Latino motorists. The patterns in search and arrest rates

are in line with those found nationwide; Black and Latino drivers are searched more frequently

than white drivers and Latino drivers experience even higher search rates than blacks (Pierson et al.

2017). The hit rate is highest for whites, suggesting preferential treatment for whites in searches

on average (e.g. Hernández-Murillo and Knowles 2004). Finally, there are big differences in stops

per person, with blacks having an especially high number of stops per person on average.

To assess the statistical significance of these baseline differences, we estimate the following

multivariate regression:

Yirt = αit + γ0Blackirt + γ1Hispanicirt +X ′irtβit + εirt (1)

where αit is an agency-year fixed effect, Blackirt is a dummy variable equaling one for black

drivers, and Hispanicirt is a dummy variable equaling one for Latino drivers. We run this regression

for black, Latino, and white drivers, so γ0 and γ1 give the average differences of blacks and Latinos

from whites, after residualizing out the fixed effects and controls.

We have access to a range of covariates, represented in Xirt , which again are aggregated by race.

For driver demographics, we have age (proportion of drivers in bins 18-29, 30-39, and 40+) and

gender (proportion male). We have the location (city-street, county road, interstate, state highway,

U.S. highway) of the stop, reason for the stop (ex: moving violation), and the authority given

for a search (consent, drug/alcohol odor, drug dog alert, incident to arrest, inventory, plain view,

or reasonable suspicion). We also include the reason for arrest – drug violation, driving while

intoxicated, assault, outstanding warrant, property crime, resisting arrest, and traffic violation.
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The results from estimating Equation (1) are reported in Table 2. The first striking thing is

that blacks have many more stops relative to their share of the population (Columns 1 and 2) than

members of other racial/ethnic groups. This much higher stop rate likely explains the, perhaps

surprising, result that Black drivers tend to have a lower citation rate than white drivers (Columns

3 and 4); many more black drivers are stopped, including many who do not deserve a ticket.

Meanwhile, Latino drivers are cited at a significantly higher rate. Both blacks and Latinos are

searched at a higher rate, with lower contraband hit rates, than whites. Both blacks and Latinos are

arrested at higher rates than whites. In particular, the lower rate of productive searches for blacks

and Latinos (Columns 7 and 8) suggests that police are more careful and selective in searching

white motorists compared to non-white drivers (e.g. Hernández-Murillo and Knowles 2004).

[Table 2 about here]

4 Empirical Strategy

This section describes the approach for analyzing the relationship between local budget stress and

discriminatory policing. The research design is based on that employed by Garrett and Wagner

(2009), who found, using data from 1990 through 2003, that North Carolina municipalities with

negative budget shocks responded by issuing more traffic tickets. The main goal, here, is to mea-

sure the disparate racial impacts of budget response by policing agencies.

We estimate the racial disparity in the change in enforcement outcome Yirt (e.g., the citation

rate) for agency i, race r, and year t using

∆Yirt = αir +αrt +∑
s

ρsRr=sDit +X ′irtβ + εirt (2)

where αir is an agency-race interacted fixed effect, αrt is a race-year interacted fixed effect, and

εirt is an error term. The treatment variable Dit is a measure for fiscal distress, defined as the

negative change in revenue for the previous year in jurisdiction i. This measure, called Fiscal

13



Distress in the tables below, is based on Garrett and Wagner (2009). The term Rr=s is a dummy

variable for the race of the driver, and the term ρs gives the impact of lagged fiscal distress on race

s ∈ {White,Black,Hispanic}. Therefore the summation expression in (2) gives three effects: of

fiscal distress on the outcome, separately for each of the three driver races. If local governments in

budgetary distress seek to impose a larger share of taxes on members of a racial group, that would

be consistent with ρ̂r > 0.

We cluster standard errors by policing agency to allow for serial correlation across time in the

agencies. The identification assumption for unbiased OLS estimates of ρ is that Dit is uncorrelated

with other unobserved factors affecting the rates of change in the outcome in period t, conditional

on the fixed effects. This may be a strong assumption if last year’s budget conditions influence

other socioeconomic and/or political factors this year that in turn affect traffic ticketing. An exam-

ple of this type of factor would be decreases in expenditures on traffic lights and road signs, which

may reduce ticketing. We assess the identification assumption by testing different specifications

and adding controls. In addition, we include a regression discontinuity specification where we

look at discrete changes in policing around the budget shortfall threshold. For the RD design, the

variable Budget Shortfall is a dummy variable equaling one when revenue collections decreased

last year.4

5 Results

This section reports results from a number of analyses. First, we consider a range of outcomes

discussed in Section 3. We then provide regression estimates for ρ and ρr in Equation (2) from

Section 4. We report a number of specification checks, and, then, consider heterogeneous effects

based on the characteristics of the jurisdictions.

4Our results are not robust to using the level of the outcome rather than the first-differenced outcome. But they
are robust to using a lagged-outcome-variable design, where we run the regression in levels but include the lagged
outcome variable as a regressor without fixed effects.
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5.1 Main Results

The first regression estimates are reported in Table 3. We look at four outcomes: citation rate,

search rate, hit rate, and arrest rate, defined in Section 3. The tables include our baseline spec-

ifications (with agency-race and race-year fixed effects) in Columns 1, 3, 5, and 7. The other

columns (2, 4, 6, 8) include a number of stop-related covariates for the demographics of drivers

arrested, and the reasons for stops, searches, and arrests, which may be correlated with driver race

and subsequent outcomes. The rows give the interacted effects for white, black, and Latino drivers

respectively. The sample includes white, black, and Latino drivers.

We find, first, that a decrease in government revenue growth the previous year is associated

with a higher citation rate for white drivers (Columns 1 and 2). The estimates are not statistically

significant for Latino drivers or for black drivers. There is a statistically significant increase on

the arrest rate for white drivers as well, but not for black or Latino drivers. Finally, a decrease in

government revenue growth does not have much effect on the search rate or hit rate. However,

there is a marginally significant positive relationship with the search rate for Latino drivers.

[Table 3 about here]

Next, in Table 4 we further probe the results for citation rates. First, we present results from

separate models for each racial group. We see that there is a positive relationship between fiscal

distress and citation rate for white drivers (Column 1), but not for black (Column 2) or Latino

(Column 3) drivers. The results for whites alone (Column 4) are robust to adding a set of pre-

treatment census demographic controls (total population, percent white, percent urban, and percent

over 65), interacted with a full set of indicators for each year in our data. The estimates with

all three races included are not significant (Column 5). An alternative specification (Column 6)

including white drivers in the baseline, and blacks/latinos interacted, shows that the interactions,

while negative, are noisy and not statistically different from white drivers.

[Table 4 about here]

15



Table 5 includes similar robustness checks for arrest rates. Again, we see a positive relation-

ship between fiscal distress and arrest rates for whites, but not for black or Latino drivers. These

coefficients are robust to the full set of census covariates interacted with each year in the data.

Overall, these results support the view that in response to budget stress, Missouri police are ar-

resting white drivers more often. One interpretation of this evidence is that officers expect that

arrests of white drivers would generate more revenue through the legal financial obligations that

stem from an arrest.

[Table 5 about here]

In Table 6 we look at the change in counts, rather than rates, to see what components of our

variables are changing in response to the budget distress. First, we check whether these results

are driven by changes in total stops (versus changes in total citations, for example). We can see

from Columns (1) and (2) that the results are not driven by changes in total stops, which remain

unchanged during times of fiscal distress. These estimates are also zero if looking at stops per

person, dividing by the local race population. The coefficients for white drivers on number of

citations, searches, search hits, and arrests are all positive, but significant only for arrests. While it

is only significant at the 10% level, there is a statistical decrease in the number of citations given

to black drivers, consistent with re-allocation across races.

[Table 6 about here]

Overall, the results of the analysis of counts substantiate the main finding that fiscal distress

changes the number of citations assigned to and number of arrests of white drivers. There is no

effect on the number of traffic stops for white drivers or non-white drivers, meaning that officers

are not replacing stops of black drivers with stops of white drivers. Rather they appear to be

treating the same set of white drivers they normally stop more harshly. For black drivers, the fact

that stops are not increasing means that a decrease in citations and searches cannot be interpreted

as an expansion in the sample of stopped drivers to a marginal set (drivers with relatively lower

criminality). Instead, police seem to be a re-allocating time away from the same set of drivers.
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We report visual evidence of the relationship for citation rates in Figure 1, showing the RD

jump for white, Black, and Latino drivers. The dependent variable, lagged change in log revenues,

is on the x-axis. We mark the cut-off point at zero, with positive budget changes to the right and

negative budget changes to the left. We can see a discrete change in citation activity at the zero

revenue change cutoff. Just below the cutoff (a bare budget shortfall), we see a jump in citation

rates for white drivers (left panel). For black drivers, there are slightly fewer citations below the

cutoff (middle panel). For Latino drivers, there is no difference (right panel). When there is a

revenue shortfall, police in the subsequent year tend to target white drivers with traffic citations.

[Figure 1 about here]

The regression results for this specification are in Table 7. First, we see in Columns 1 and 2

that the main result for citation rates holds for an alternative definition for budget stress: a dummy

variable equaling one if revenues decreased in the previous year. The table shows that if revenues

decreased, the citation rate increases for white drivers but not for black or Latino drivers. The effect

of the dummy-variable treatment is robust to including the standard fiscal distress variable (lagged

negative revenue change) as a control (Columns 3-4). Here, the coefficient for the fiscal distress

variable is not statistically significant, meaning that the citation rate change is driven by the discrete

budget-shortfall effect. For arrests, we see the opposite. There is no discrete jump in enforcement

at the revenue-negative cutoff. Instead, it is driven by the continuous Fiscal Distress variable

(Columns 7-8). The RD specification points to a causal relationship between budget shortfalls and

racial differences in traffic citations.

[Table 7 about here]

Our main results on traffic citations are summarized graphically in Figure 2. The coefficient

plots give the parameter estimates and confidence intervals for the specifications in Table 3 Column

2 (top panel, continuous treatment) and Table 7 Column 2 (bottom panel, discrete treatment). The

plots illustrate quite clearly how the effect of fiscal pressure on traffic citation behavior varies by

the race of the stopped driver.
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[Figure 2 about here]

5.2 Heterogeneous Results

Table 8 considers the importance of the white-black income ratio. Officers may increase citations

and arrests of white drivers in response to fiscal distress because they expect that white drivers will

have higher incomes than black or Latino drivers and, therefore, be better able to pay the related

fees, which will be used to address budgetary shortfalls. If this is the case, we should expect fiscal

distress to lead to tougher treatment of stopped white drivers in areas where the income inequality

between whites and blacks is highest. To test this, we split the sample by the white-black income

ratio. A high ratio represents greater income inequality between whites and blacks.

For white drivers, we see that, across specifications, there is generally a positive, significant

relationship between budget shortfalls and fiscal distress and citation rates. However, the relation-

ship with the continuous measure is not significant under a low white-black ratio (Column 1). In

addition, the negative relationship between the discreet measure and citation rates for black drivers

is larger in magnitude, more precisely estimated, and statistically significant only for areas with

above-median white-black income inequality (see Column 4). This result supports a model where

officers are more likely to target white drivers in times of fiscal distress when they have a higher

expectation of white drivers’ ability to pay.

For arrests, we see an increase for white drivers only when there is a high white-black income

ratio (Columns 7-8). The interactions with black driver are not significant, which could be more

evidence that when whites have higher incomes, police target them more frequently for arrest in

order to generate legal financial obligations. Given constraints on the total number of traffic stops

that can be made, police agencies under fiscal distress re-allocate citations and arrests to these

higher-income drivers.

[Table 8 about here]

Finally, Table 9 presents the results from our second heterogeneity analysis on black driver
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stop intensity. For this analysis we explore the possibility that our results are driven by a selection

effect of marginal drivers across races. At baseline there could be significant over-policing of

black drivers, and the marginal driver is not committing any cite-able offenses. Therefore the

marginal value of stopping more black drivers would be low even under significant fiscal pressure.

In contrast, if white drivers are not being over-policed, the marginal white driver could more likely

be ticketed to raise more revenues.

To look for evidence of this possibility, we produced estimates of the citation and arrest effects,

separately by whether the locality is a above or below the median of black driver stop intensity –

defined as the number of stops of black drivers in the previous year, divided by the pre-treatment

black population (year 2000). There is not a difference in the relationship between budgetary

concerns and citation rates by black stop intensity for the continuous measure (Columns 1, 3).

But we do see a difference for the continuous measure on arrests, and for the discrete measure

on citations as well as arrests. Comparing Columns 2 to 4, we see that there is a positive and

statistically significant effect on citation rates for white drivers only for areas with a higher previous

black stop intensity. Similarly, comparing Columns 5 to 7, and 6 to 8, there is a fiscal-pressure

effect on arrest rates only in areas with a high black stop intensity. These results are consistent

with an important difference in the revenue potential of the marginal stopped driver, reflecting

historical over-policing of blacks in the U.S.

[Table 9 about here]

6 Conclusion

The broad contribution of this project is the exploration of how local governments create incen-

tives for law enforcement that contribute to the structure of discriminatory policing. While there is

evidence of the relationship between local budget policies and police law enforcement practices,

and a separate literature of racial discrimination in policing, this paper is the first to shed light

on the interaction of these processes. We find that in response to budget distress, there is greater
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enforcement activity (ticketing and arrests) for white drivers, but not for non-white drivers. This

result offers a different view of discriminatory enforcement than Park (2014), where judges re-

sponded to stronger enforcement incentives to administer punishment with greater discrimination:

blacks were more likely to pay a racial punishment tax under pressure-incentive conditions than

were whites (see Kennedy 1998).

There could be many mechanisms underlying the relationship uncovered here. One simple

explanation for the marginal change in enforcement behavior is that police are aware of white

drivers’ greater ability to pay traffic tickets. When higher short-run revenue is necessary, officers

shift their limited resources of time to increased targeting of white drivers. Consistent with this

idea, we find that the racial differences in enforcement effects is highest in areas where there is a

large white-to-black income ratio. On the other hand, we also have evidence that Missouri police

focus enforcement efforts on blacks and Latinos in the absence of fiscal distress, despite lower hit

rates among these motorists than white drivers and the fact that officers behave consistently with

a belief that citations to white drivers generate more revenue. This historical over-policing partly

explains our results on fiscal pressures; in areas with historical over-policing of black drivers,

we see a larger re-allocation of tickets from black to white drivers. An interpretation is that in

areas with high black driver stop intensity, blacks are already being stopped and cited as much as

possible, so the marginal driver is unlikely to produce more revenue.

Future work can shed further light on the factors contributing to the relationship between racial

preferences and revenue incentives. Understanding how budget factors affect police discrimina-

tion, both in response to short-run fiscal shocks and in the aggregate, may suggest institutional

solutions for reducing discrimination. Fiscally-pressured enforcement patterns may be valuable

evidence of how officers behave in conditions where the incentive to produce race-neutral policing

tempers the motivation for racially discriminatory policing. These results raise important questions

about the ways tensions in generating fine and fee revenue from poor communities of color may be

under-girded by political economy considerations. The broader social consequences of these pro-

cesses are also uncertain. For example, future work may explore whether racially disparate budget
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effects have a subsequent impact on crime. The findings presented here highlight the complex

relationship between local budgets, policing, and race, as well as much that remains to be studied.
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Figure 1: Regression Discontinuity: Effect of Negative Revenue Change on Citation Rates by Race
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RD visualization for effect of the lagged local revenue change (horizontal axis) on change in log citation rates (vertical
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Figure 2: Coefficient Plots: Main Results for Citation Rates by Race
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Coefficient plots for main regression results. Specifications are from Table 3 Column 2 (top panel, Fiscal Distress
continuous treatment), and Table 7 Column 2 (bottom panel, Budget Shortfall discrete treatment). Outcome is log
change in citation rate. Regression includes agency-race FE’s, race-year FE’s, driver demographics, and stop reasons.
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Table 4: Robustness: Effect of Fiscal Distress on Citation Rates

(1) (2) (3) (4) (5) (6)
Effect on ∆ Log Citation Rate

Fiscal Distress 0.0471* -0.0141 -0.00864 0.0492* 0.0122 0.0510*
(Baseline) (0.0207) (0.0347) (0.0421) (0.0211) (0.0224) (0.0197)

Fiscal Distress -0.0620
×Black Driver (0.0378)

Fiscal Distress -0.0603
×Latino Driver (0.0447)

Sample Whites Blacks Latinos Whites All All
Agency-Race FE’s X X X X X X
Race-Year FE’s X X X X X X
Demographics X X X X X X
Stop Reasons X X X X X X
Census X Year FE’s X X X
N 1190 1109 1062 1159 3293 3293
R2 0.189 0.251 0.190 0.216 0.227 0.228

Notes. Observation is an agency-race-year, where whites, blacks, and Latinos are included. Fiscal Distress is defined
as the log negative revenue change. ×Black Driver and×Latino Driver indicate the interaction between Fiscal Distress
and dummy variables for the respective driver race. Standard errors in parentheses, clustered by agency. + p<0.10, *
p<0.05, ** p<0.01.
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Table 5: Robustness: Effect of Fiscal Distress on Arrest Rates

(1) (2) (3) (4) (5) (6)
Effect on ∆ Log Arrest Rate

Fiscal Distress 0.0223* -0.00873 0.0311 0.0215* 0.0127 0.0214*
(Baseline) (0.00862) (0.0212) (0.0230) (0.00890) (0.0133) (0.00975)

Fiscal Distress -0.0409
×Black Driver (0.0278)

Fiscal Distress 0.0132
×Latino Driver (0.0279)

Sample Whites Blacks Latinos Whites All All
Agency-Year FE’s X X X X X X
Race-Year FE’s X X X X X X
Demographics X X X X X X
Stop Reasons X X X X X X
Census X Year FE’s X X X
N 921 854 837 895 2559 2559
R2 0.579 0.569 0.517 0.518 0.519 0.520

Notes. Observation is an agency-race-year, where whites, blacks, and Latinos are included. Fiscal Distress is defined
as the log negative revenue change. ×Black Driver and×Latino Driver indicate the interaction between Fiscal Distress
and dummy variables for the respective driver race. Standard errors in parentheses, clustered by agency. + p<0.10, *
p<0.05, ** p<0.01.
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A Appendix

Figure 3: Edmundson Mayor’s Memo to Police Department Re Traffic Tickets

Table 10: Demographics of Agencies with and without Finance Data
Mean Total Population Mean Pct. White

Year Finance Data No Finance Data Finance Data No Finance Data
2000 42320.09 2986.71 90.09 91.06
2012 72116.08 5011.89 81.51 93.13

Table 10 shows that our sample where data are matched tend to have the highest population (this

is where IndFin does an annual, rather than five-year survey). The places with merged finance data

have somewhat larger minority population shares.

In results available upon request, we also ran 2SLS regressions instrumenting fiscal distress

with lagged inter-government revenues. There was still a positive effect of fiscal distress on white

driver citation rates, but the interactions for black and Latino were insignificant. The main results

are robust to weighting by 2000 population.

Table 11 presents the results from an additional heterogeneity analysis. One might wonder

whether the effects of fiscal distress are concentrated in rural or urban areas, or whether they are
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Figure 4: Vehicle Stop Information Form, Missouri Racial Profiling Database

VEHICLE STOP INFORMATION

DATE
MM DD YY

TIME AM
PM

Revised September 2004

98 WHAT WAS SEARCHED?

PROPERTY ONLYDRIVER ONLY DRIVER AND PROPERTY

9 DURATION OF SEARCH

31+ MIN.16-30 MIN.0-15 MINUTES

10 WAS CONTRABAND DISCOVERED? YES NO

OTHERSTOLEN PROPERTYWEAPON

CURRENCYDRUGS/ALCOHOL/PARAPHERNALIA

If YES, type of contraband (✔ all that apply)

11 YES NOWAS DRIVER ARRESTED?

12

OTHERPROPERTY CRIME

DWI/BACRESISTING ARREST DRUG VIOLATION

OUTSTANDING WARRANT OFFENSE AGAINST PERSON

TRAFFIC VIOLATION

IF ARREST MADE, CRIME/VIOLATION ALLEGED (✔ all that apply)

97

CONSENT

WAS A SEARCH INITIATED?

DRUG DOG ALERT REASONABLE SUSPICION-WEAPON (TERRY STOP)

INVENTORY DRUG/ALCOHOL ODOR

YES NO

PLAIN VIEW CONTRABANDINCIDENT TO ARREST OTHER

If YES, probable cause/authority for search (✔ all that apply)

LOCATION OF STOP6

U.S. HIGHWAYINTERSTATE HIGHWAY STATE HIGHWAY

CITY STREETCOUNTY ROAD OTHER

FEMALEMALEDRIVER’S GENDER5

DRIVER’S AGE4 18-29 30-39UNDER 18 40+

103

BLACK/AFRICAN-AMERICANWHITE HISPANIC/LATINO

ASIANAMERICAN INDIAN/ALASKA NATIVE OTHER/UNKNOWN

DRIVER’S RACE/MINORITY STATUS (based only on visual observation)

WARNINGCITATION NO ACTION

2 RESULT OF STOP (✔ all that apply)

OTHER

SPEED

CVE

If a “moving” violation, (✔ category of violation)

LANE VIOLATION

LICENSEEQUIPMENTMOVING

101

FOLLOW TOO CLOSE

FAIL TO SIGNAL OTHER MOVING VIOLATION

VIOLATION RESULTING IN STOP (✔ all that apply)

INVESTIGATIVE
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Figure 5: Distribution of Lagged Revenue Changes
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Histogram of lagged log revenue changes from merged IndFin data. Bin width = .01. Vertical dashed line at zero.

concentrated in areas with relatively large populations of people of color. To make the categories

referenced in the table, we divided the sample at the median values of urban density and racial

makeup. First, we see that for both citations, and arrests, the effects are concentrated in rural

areas. This makes sense, if these areas have more white residents than urban areas. Indeed, the

increase in citations of white drivers in times of fiscal distress occurs in areas with smaller black

populations. The increases in arrests of white drivers, however, is found in areas with larger black

populations. This could be because communities of color are more heavily and harshly policed

than other communities, such that white residents found in those communities during times of

fiscal distressed are the ones police target, for example.
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