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Abstract

I study the consequences of incomplete contracts in the high-stakes, multitasking setting of

policing. In my context, highway patrol troopers face salient traffic enforcement targets, but

must balance their effort on enforcement production with completing other non-enforcement

responsibilities. While the enforcement target induces trooper effort, it simultaneously distorts

trooper behavior and generates a range of socially suboptimal outcomes, including lower quality

enforcement, disparities unwarranted on the basis of collision risk, and delayed completion of

non-enforcement responsibilities. Given significant trooper-specific heterogeneity, I develop an

approach to optimally assign troopers to locations that reduces the negative externalities pro-

duced by the existing incentive scheme. In contrast, alternative personnel policies which ignore

this heterogeneity improve only a subset of outcomes.
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Luh, Chris Malloy, Hani Mansour, Tatiana Mocanu, Emily Owens, Petra Persson, JJ Prescott, Benjamin Pyle, Nikhil
Rao, Kevin Schnepel, Damián Vergara, Alice Wu, and Basit Zafar, along with seminar participants at the University
of Michigan, the 2023 Midwestern Economic Association Meeting, the XIV Transatlantic Workshop on the Economics
of Crime, the 2024 Western Economic Association International Meeting, and the 2024 UW-UM-MSU-UWO Labour
Day Conference. In addition, I thank Sharad Goel for sharing some of the underlying data, as well as numerous
individuals at the Patrol for assistance with additional data and institutional details.
Reeves: jmreeves@umich.edu.

https://jmreeves.github.io/files/Reeves_JMP.pdf


1 Introduction

Employers throughout the economy face a core challenge of optimally managing their workforce

under incomplete contracts. A long tradition in labor economics has analyzed this problem through

the lens of agency theory, casting employers as principals and workers as their agents. The key

tension between these contracting parties stems from a potential misalignment of incentives - prin-

cipals wish to maximize output, but production is delegated to agents who must exert imperfectly

observed costly effort in order to produce that output. Without sufficiently strong contractual tools

to align these incentives, agents will choose to shirk (Holmström 1979; Bolton and Dewatripont

2005) or sacrifice other production margins such as quality (Baron 1972). Employers may overcome

this tension through a variety of methods, including performance pay (Lazear 2000), bonuses (Kuhn

and Yu 2021), quotas (Asch 1990; Chung, Narayandas, and Chang 2021), and other pecuniary or

non-pecuniary incentives.1 However, while these tools may be useful for aligning the incentives

of the employer and employee in settings with rote occupations, the vast majority of workers are

instead multi-tasking agents, balancing effort across multiple competing responsibilities (Apple-

baum, Marchionni, and Fernandez 2008; Deming and Kahn 2018), some of which may be measured

more precisely than others. In such settings, correctly incentivizing agents while not encouraging

adverse specialization in a single task becomes practically challenging (Holmström and Milgrom

1991; MacDonald and Marx 2001).2

When agents are tasked with providing public services, contracts that inadvertently encourage

specialization can have substantial negative consequences for social welfare. For example, in the

context of ambulance services, when governments delegate responsibility to private firms who em-

phasize observable and contracted measures of performance such as response times, non-contracted

outcomes such as mortality risk can suffer (Knutsson and Tyrefors 2022).3 Similarly, providing

teachers strong incentives to pass marginal students may improve graduation rates, but simultane-

ously harm long-term human capital development (e.g., Jacob and Levitt 2003; Dee et al. 2019).

Such misalignment for public sector agents can also affect the scope and distributional burden

of the tax system, underscoring patterns of racial inequality and financial instability (Luh, Pyle,

and Reeves 2024). In these cases, the design of compensation and incentive schemes can have

consequences that extend far beyond the immediate effects on firm profits.4

In this paper, I study the efficacy and efficiency consequences of a salient and narrow incentive

1According to a recent survey, nearly forty percent of the civilian labor force faces some type of broadly defined
performance pay (Gittleman and Pierce 2013). See Gibbons (1998) for an overview of incentives in organizations,
Prendergast (2007) for a discussion of incentives in public sector settings, and Holmström (2017) for a review of the
use of performance pay and other incentive schemes.

2There is an open question on why observed arrangements reflect far simpler contracts than would be predicted by
theory (Chiappori and Salanié 2003). One possibility is that it’s difficult for firms to design highly nuanced contracts
because they are unable to appropriately assess the implied value of the contract over all possible payoffs (Hart and
Holmström 1987).

3A rich literature has also studied the complexities and moral hazard associated with government contracting
and the optimal design of such contracts (e.g., Cox et al. 1996; Lewis and Bajari 2014)

4Prior work has also examined the consequences of incentives on physician (Clemens and Gottlieb 2014; Shearer,
Somé, and Fortin 2018; Alexander 2020) and tax collector (Khan, Khwaja, and Olken 2014) behavior.
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scheme in the high-stakes setting of policing. The highway patrol troopers I examine face salient

traffic enforcement targets, but must balance their performance on this measure with completing

other non-enforcement actions, many of which arrive stochastically. For example, the agency may

expect troopers to produce traffic enforcement, respond to collisions, and complete timely reports.

However, the most well-tracked performance metric covers enforcement actions (e.g., stops, tickets),

creating an environment where one aspect of troopers’ responsibilities is most salient. To study

these tradeoffs, I assemble a unique data infrastructure covering nearly nine years of activity in

the Washington State Patrol. This data infrastructure includes administrative measures of both

enforcement and non-enforcement activity, trooper schedules and assignments, along with detailed

institutional documents describing both the existence and setting of enforcement targets and their

role in the broader constellation of trooper performance evaluations. Together, these resources

allow me to both quantify how the target encourages trooper performance as well as study and

measure the degree of trooper substitution between salient and non-salient tasks.

Leveraging these institutional features and the competing nature of tasks, I develop a parsimo-

nious multi-task principal-agent model in the spirit of MacDonald and Marx (2001) to theoretically

ground the tension between the division of effort the trooper wishes to exert and the Patrol de-

sires. A key feature of the model is that tasks are substitutes to the agent and complements to the

principal. Therefore, any desirable compensation or evaluation scheme must induce the trooper to

view the tasks as complements, otherwise troopers will choose to specialize in one task or shirk

altogether. I use the model to derive a series of sharp empirical predictions about the nature of

substitution between tasks, as well as changes to the distribution of enforcement across motorists.

Taking these predictions to the data, I begin by quantifying how responsive troopers are to

changes in enforcement targets. Using trooper transfers across locations with higher or lower en-

forcement targets, I document near-immediate and sharp changes to enforcement volume, with no

evidence of differential selection into locations on the basis of pre-transfer performance. Increas-

ing the target raises subsequent enforcement volume by more than fifty percent of the change, a

magnitude that is further corroborated in the long-run cross-sectional correlation based on first-

differences.

However, these responses may simply reflect changes in the supply of law-violating motorists

across areas. I therefore examine how troopers respond to missing their goals when they remain

in the same location for consecutive periods. While trooper performance evaluations are a broad

collection of objective and subjective measures across multiple responsibilities, internal interviews

with troopers highlight the substantial saliency of the enforcement targets and how trooper daily

activity is strongly influenced by its presence (Branson et al. 2016). Consequently, poor perfor-

mance during one evaluation period should lead to compensating changes in trooper behavior in

the following period since repeated poor performances are deleterious to career development and

positive personnel reviews.

Using a regression discontinuity design comparing troopers who just make versus just miss

their previous average per-shift target, I find strong evidence that troopers are responsive on a
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period-over-period basis. Just missing the target increases the probability of making the target

in the following period by 3.2 percentage points, with larger effects for troopers who are on the

margin of consecutive misses across multiple evaluation periods. This result holds both within- and

across-troopers. While troopers increase per-shift enforcement activity, much of this increased en-

forcement arises from (generally minor) non-moving violations which include licensing, equipment,

and paperwork violations. Taken together with the event-study evidence above, I conclude that

enforcement targets are first-order effective at inducing additional incentivized effort from troopers

in the workforce.

While this incentive scheme can induce greater enforcement volume, it may also come at the

cost of an emphasis on easy rather than optimal enforcement (e.g., minor violations or inequitable

effects across the motorist population). Indeed, I find evidence that marginal enforcement actions

experience greater court dismissal rates. I also find that marginally missing troopers are weakly

differentially more stringent towards minority motorists on a per-stop basis, a finding that is con-

centrated among non-moving violations where troopers have substantial discretion. These results

are consistent with prior evidence highlighting differential “hassle costs” (Makowsky and Strat-

mann 2009) across race and income, as lower-income motorists are less likely to contest citations

in court (Feigenberg and Miller 2023), a finding I confirm in my setting.5 Given historical patterns

of income inequality along racial and ethnic lines, these enforcement responses have the potential

to further undermine the economic stability of low-income households (Mello 2023; Luh, Pyle, and

Reeves 2024).

Is such a disparity warranted by differences in driver risk by race? I test for differences in

motorist collision risk by race across the age distribution and find little conclusive evidence that

collision risk is an appropriate rationale for such a disparate finding, although I am unable to fully

rule out alternative explanations based on differential driving behavior.6 Instead, I find evidence

consistent with mechanisms which interact with trooper incentives and generate these socially

suboptimal outcomes. For example, if non-moving violations are a tag (Akerlof 1978) for potential

criminal behavior or future driving misconduct, then vehicle searches for minority motorists should

be more productive with respect to contraband yield. Despite troopers being weakly more likely

to search minority motorists, there is no evidence these searches are differentially more productive

on this margin. Therefore, even if there are population differences in car condition, using this

information as a basis for stops and searches is unwarranted on efficiency grounds. Together with the

evidence on hassle costs, this result also offers an alternative systemwide explanation for previously

5Poverty and racial/ethnic demographics are correlated in Washington State, as they are in the United States
more broadly. To the extent troopers use signals that are unobserved to the econometrician (e.g., car condition) to
infer the likelihood of a contested hearing that are also correlated with race/ethnicity, then the area poverty rate
should capture both race and non-race channels.

6Lovrich et al. (2003) calculate a “risk” score based on the seriousness of the charged offense and find that
minority drivers have higher average risk scores compared to white drivers. However, a strict interpretation of this
score is challenging since charged offense is also a function of trooper discretion which itself may exhibit disparate
impact (Goncalves and Mello 2021). In a similar exercise, I calculate a parametric collision risk score and find that
the stringency gap persists even among motorists in the same part of the predicted risk distribution, suggesting that
risk alone cannot explain this gap.
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documented differential stringency (Lovrich et al. 2003) that does not hinge on an interpretation

of racial animus.7 Instead, my results imply that such equilibrium outcome disparities may be the

consequences of misaligned incentives.

Enforcement targets may not just impact the quality of enforcement actions, but also how other

non-enforcement responsibilities may be down-weighted or shirked. To investigate this potential

adverse response, I look at how troopers who marginally missed their target in the previous period

respond to non-salient responsibilities (e.g., responding to collisions and paperwork completion)

compared to troopers who made the target. Marginal troopers who missed the target return to

enforcement actions faster than those who made the target, indicating a reallocation of effort

towards enforcement production. Using a subsample of collision reports linked to incidents, I also

show this effort reallocation comes at the expense of the timeliness of completing non-enforcement

responsibilities, as marginally missing troopers are more likely to file collision reports more than

one week after the incident and are weakly more likely to miss internal deadlines for filing collision

reports which involve felony charges. I estimate the net welfare impacts of this former delay,

comparing the change in net present value of the victim’s insurance compensation against the

social benefits of increased enforcement using a simple back-of-the-envelope calculation. Over a

range of plausible parameter values, the delayed reporting is welfare-negative to welfare-neutral,

suggesting that, on balance, the benefits from enforcement emphasis do not fully offset the private

costs of settlement delay to the victim unless the additional enforcement deters highly severe,

tail-risk events.

Can these negative externalities be mitigated? Taking the policy environment as given, al-

ternative personnel policies may choose to target either the existing location-specific incentives or

accommodate variation across troopers through reallocation. I test the importance of these channels

through a variance decomposition exercise where I decompose the variation in multitasking colli-

sion responses into variation from trooper and location fixed effects. Calculating unbiased variance

estimates of the focal components (Kline, Saggio, and Sølvsten 2020), I find trooper effects explain

between 1.7 and 4.1 times the variation in multitasking responses as location effects, indicating that

addressing trooper heterogeneity is a key factor in minimizing potential social externalities induced

by enforcement targets in this setting. Put differently, while there may be average differences across

locations which contribute to the observed responses, these effects are second-order relative to the

variation across troopers.

Assuming that eliminating the targets or a “first-best” policy of individually tailored targets

are infeasible prescriptions, a next-best approximation is to reassign troopers across locations to

improve the match of trooper performance with location-specific demands across tasks.8 I examine

the scope for potential improvements by first assessing the empirical match between troopers and

7I implement the Antonovics and Knight (2009) test for racial bias in the context of searches and find no evidence
in support of this mechanism.

8In state legislative hearings, Patrol leadership have argued against legislation that would ban the use of quotas
in performance evaluations. Moreover, repealing quotas exacerbates the underlying imperfect monitoring problem
and may heighten the presence of negative externalities (Edwards and Rushin 2023).
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locations, classifying them into discrete types using k-means clustering. I find there is substantial

potential for improvement, with many high-disparity generating troopers assigned to high minority

share locations and low-enforcement volume troopers assigned to high target locations. I lever-

age tools from the optimal transport literature to compute the optimal allocation of troopers to

locations while incorporating rich cross-trooper and cross-location heterogeneity. I then predict

counterfactual outcomes using a simple data-driven approach which has a similar intuition to an

Oaxaca-Blinder decomposition (Oaxaca 1973; Blinder 1973) and maintains a connection to the

underlying principal-agent model.

I benchmark this “second-best” policy against several alternatives, including uniformly raising

or lowering the target across locations. Relative to the observed equilibrium, the optimal uncon-

strained reassignment policy reduces the distortionary degree of enforcement emphasis along with

racial disparities in response enforcement. Moreover, the policy also increases ex-ante enforcement

in high traffic areas, which subsequently reduces collision volume, a key goal of the Patrol. Incor-

porating trooper location preferences through geographically-constrained matching still generates

improvements. In contrast, simpler personnel policies which alter the enforcement target holding

assignments fixed improve some, but not all of these outcomes. Thus, one solution to minimizing

the welfare losses from incomplete contracts in multitask settings is to optimally match the hetero-

geneous workforce with heterogeneous job demands, which is in spirit, a feasible accommodation

of the theoretical task grouping result from Holmström and Milgrom (1991).

The central contribution of this paper is to empirically quantify the consequences of misaligned

incentives in the high-stakes setting of the criminal justice system. The agency issues I study in

this paper are ubiquitous throughout the economy and have previously been studied in the con-

text of microfinance (Kim, Sudhir, and Uetake 2022), consumer lending (Dobbie et al. 2021), and

emergency departments (KC 2014), among many others.9 I study trooper responses to misaligned

incentives in the consequential setting of policing and public safety, where police officers are re-

sponsive to differences in pay (Mas 2006), overtime opportunities (Chalfin and Goncalves 2023),

and external oversight (Campbell 2023). A novel general feature of my setting is that I am able

to precisely measure performance on both the contracted (enforcement) and non-contracted (non-

enforcement) actions, rather than being limited to just the former. In doing so, I examine the

degree to which salient incentives distort the allocation of effort across these two actions, as well

as the downstream and distributional consequences of such distortions. Thus, my results highlight

both the efficacy and efficiency implications of misaligned incentive schemes in this setting and

their contribution to the production of negative externalities.

This paper also builds on a rich literature documenting sources of racial disparities and subop-

timal outcomes in the criminal justice system. Racial disparities are pervasive and have previously

been documented in traffic searches (Knowles, Persico, and Todd 2001; Antonovics and Knight

2009; Feigenberg and Miller 2022), ticketing (Goncalves and Mello 2021), pretrial release (Arnold,

9More generally, this paper builds on the literature studying the labor supply responses of workers with fixed
shift lengths (e.g., Chan 2018).
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Dobbie, and Yang 2018; Arnold, Dobbie, and Hull 2022), prosecution (Harrington and Shaffer

2022), and incarceration decisions (Rehavi and Starr 2014). While much of the previous literature

documents and develops tests for racial animus, I build on a nascent literature studying the equity

consequences of the decision-making constraints judicial agents face (Jordan 2024; Rao and Reeves

2024). Rather than strictly animus, I provide evidence that the incentives and constraints agents

face can give rise to racial and ethnic disparities due to the distortions they impose on decision

makers, especially in the presence of multitasking responsibilities.10 I build on this previous work by

more tightly aligning the competing demands of judicial agents to changes in both contracted and

non-contracted behavior, as well as further examining the efficiency implications of such incentive

schemes, rather than identifying a purely relative equity effect. Moreover, I illustrate how adverse

reactions to incentives can not only harm equity but other downstream race-neutral outcomes as

well.

Finally, this paper highlights how better aligning the abilities of the workforce to location- and

task-specific demands can reduce the welfare consequences of incomplete contracts in multitask

settings. I show how this matching objective can be empirically cast in an optimal transport frame-

work, maintaining a fundamental connection to the social planner’s welfare maximization problem

while accommodating variation in both the trooper and location characteristic distributions. Com-

bining the underlying principal-agent model with the optimal assignment matrix, I illustrate how

to construct counterfactual trooper responses under alternative assignments using the estimated

empirical moments. In doing so, I provide an alternative approach for empirical economists to esti-

mate partial equilibrium outcomes under reassignment counterfactuals, a common exercise across

many strands of applied economics (e.g., Fenizia 2022).

The remainder of the paper is structured as follows. Section 2 provides an overview of the

Washington State Patrol, the data infrastructure, and presents a parsimonious principal-agent

model of multitasking, from which I derive a core proposition on the effort substitution patterns for

troopers along with empirical tests for the model-predicted behavior. Section 3 estimates trooper

responses to incentives, Section 4 examines the degree of task substitution across contracted and

non-contracted actions, and Section 5 quantifies trooper-specific estimates of task substitution and

enforcement patterns. Section 6 explores the feasibility of alternative policies using a novel matching

approach as a benchmark and Section 7 concludes.

2 Institutional Setting and Data

In this section, I discuss the history of the Washington State Patrol and draw contrasts to the

Patrol’s responsibilities, relative to typical municipal police departments. To develop intuition for

the trooper and Patrol’s desired effort allocation, I develop a simple multitask principal-agent model

10This phenomenon has previously been identified in the context of policing, where revenue shortfalls and multi-
tasking responsibilities generate disparities in the spatial distribution of parking fine enforcement in Chicago (Luh,
Pyle, and Reeves 2024) and hypothesized as a mechanism for racial disparities in emergency medicine (Cone et al.
2003).
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and derive sharp predictions which help guide and formalize the subsequent empirical analysis.

Finally, I discuss the unique data infrastructure I develop to examine incentives in policing.

2.1 The Washington State Patrol

Founded in 1921, the Washington State Patrol (WSP or Patrol) is Washington State’s largest law

enforcement agency (Washington State Patrol 2019).11 As a statewide highway patrol agency, the

Patrol’s primary function is to conduct traffic enforcement on the state’s highways and interstates

while having concurrent jurisdiction on all other roads in the state. In addition, troopers work-

ing in the Patrol also conduct non-enforcement actions, such as responding to calls for service,

investigating collisions, and assisting stranded motorists.

The Patrol currently employs around 2,000 individuals, about half of whom are commissioned

troopers. Geographically, the Patrol is organizes its highway patrol troopers into eight mutually

exclusive geographic districts (see Appendix Figure A1), with each district comprising of several

autonomous patrol areas which are further subdivided into detachments. Throughout the rest of

the paper, I refer to these detachments as “locations” or “beats” to align the exposition with more

canonical language around organizing law enforcement workforces. Across these beats, troopers

work either eight or ten hour shifts, with shift times staggered throughout the day to provide

maximal visibility during peak traffic periods. Furthermore, troopers generally rotate through day-

and night-shift assignments on either four or eight week rotations, depending on the beat.

Comparison to Typical Police Officer: While many of their tasks may overlap, the daily operations

of highway patrol troopers are generally distinct from those of a police officer in a typical metropoli-

tan area. Specifically, highway patrol troopers often have a primary emphasis on conducting traffic

enforcement and upholding roadway safety, which also includes responding to collisions and assist-

ing motorists. Additionally, troopers, at least in Washington State, are not generally the primary

investigating agent for typical daily crimes. Instead, the Patrol will assist local agencies with more

serious criminal investigations on an as-needed basis. This increased focus on traffic enforcement

and away from crime responses is distinct from typical police officers, who face exactly the opposite

responsibility emphasis.12

Moreover, troopers have a substantial degree of latitude in both the geographic patrol areas and

actions they can take during a shift. While troopers are assigned to specific patrol areas, the Patrol

has concurrent jurisdiction on all Washington State roads and troopers operate “independently

and with minimal supervision.”13 In contrast, metropolitan police officers may patrol narrowly

defined beats and often engage with the public in a reactive manner (Ba et al. 2022). Given their

multidimensional responsibility set and wide latitude, troopers have substantial discretion in how

to balance effort across these competing tasks, both within and across their shifts.

11See https://www.wsp.wa.gov/about-us/history/ for additional details on the agency’s history.
12Police officers will also respond to collisions and assist civilians in their daily operations.
13This description comes from the position description for a Washington State Patrol trooper

(https://www.wsp.wa.gov/wp-content/uploads/2022/03/trooper-position-description.pdf).
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2.2 The Role of Enforcement Targets in Personnel Evaluations

The substantial latitude and minimal supervision for troopers lends itself to a classic hidden action

problem that is ubiquitous in employer-employee relationships. Specifically, because troopers oper-

ate with such minimal oversight, the Patrol is unable to ensure that troopers are consistently taking

actions in the interests of the Patrol, which is to “enhanc[e] the safety and security of all people

and communities.”14 A standard prediction of agency theory is that in the absence of oversight or

sufficiently strong incentives, agents will choose to shirk, as effort is costly to them.

Like many public sector agencies, the Patrol is limited in the politically feasible tools it can use

to tackle the underlying agency issue. For example, contract parameters are constrained by union

negotiations and legislative restrictions on bonus payments. To circumvent this imperfect moni-

toring problem, the Patrol therefore develops specific traffic enforcement targets for their troopers.

Throughout the rest of the paper, I refer to this production of traffic enforcement toward the target

as violations. These enforcement targets are designed to encourage troopers to undertake costly (in

an effort sense) enforcement actions and improve roadway safety through finding, sanctioning, and

educating law-violating motorists. Targets vary across locations to account for spatial variation in

traffic volumes but are generally time-invariant within the year, leading to some periods where it’s

more difficult for troopers to meet their goals. The per-shift target generally ranges from eight to

ten violations, with performance averaged across shifts within months, affording troopers some po-

tential to intertemporally smooth their effort across high- and low-productivity days. Across some

beats, targets may be higher or lower, depending on traffic volume and the exact responsibilities of

the position. Moreover, while targets for troopers are broadly centered around aggregate enforce-

ment volume, the Patrol also places increased emphasis on a subset of offenses which they deem to

be high-value, including driving under the influence, speeding, cell phone use, seatbelt violations,

and finding drivers with suspended licenses. These latter offenses are highly valued because in

the Patrol’s view they are tightly connected to vehicular safety and accident-causing behaviors, in

contrast to minor offenses such as expired registration.

While these enforcement metrics are part of a broader set of personnel evaluation criteria,

including report timeliness, misconduct complaints, and other criteria, they are among the most

salient features of a trooper’s job description. In internal surveys, troopers report being “stressed

out” that they won’t “get in the right number” and express a general sentiment that the Patrol

“focuses on data rather than actual results” (Branson et al. 2016). The purportedly strict emphasis

on a numbers-based personnel evaluation system has led to general trooper dissatisfaction and

high turnover rates.15 In legislative hearings concerning whether quota-based systems should be

outlawed in the state, Patrol leadership has argued that some type of numbers-based performance

metric is crucial to providing trooper-level feedback and ensuring they are taking the right actions

14See https://www.wsp.wa.gov/wp-content/uploads/2021/07/370008_Mission_Statement_letter_6-21_

Color.pdf.
15Historically, WSP also places a greater emphasis on performance and activity measures compared to other

highway patrol agencies (Ewing & Associates 2004).
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(SB 6316).16

The overarching goal of incentivizing troopers to conduct traffic enforcement relies on the

assumption that traffic enforcement is negatively correlated with traffic collisions. Empirically,

this assumption is corroborated among a number of settings (Makowsky and Stratmann 2011;

Luca 2015; Goncalves and Mello 2023). Thus, while the Patrol may ideally prefer to deploy an

evaluation scheme that conditions on outcomes (e.g., collisions), such a contract is infeasible since

collisions are idiosyncratic events.17 Therefore, the Patrol emphasizes a performance metric that is

tightly correlated with their true outcome of interest, while also being more representative of actual

individual trooper effort. However, placing such emphasis on a single performance metric, even if

unintended, may distort trooper behavior and lead to troopers prioritizing enforcement effort over

other tasks, even though the Patrol values performance on all of them.18 This heightened saliency

is partly due to the frequent measuring and tracking of traffic enforcement effort compared to other

metrics which track non-enforcement effort such as collision report completion time.

2.3 A Principal-Agent Model with Task Substitution

I theoretically ground this tension between tasks and effort allocation with a parsimonious multitask

principal-agent model. The goal of this simple framework is to highlight how differences in the

relative cost of tasks can shift the allocation of effort. This model follows and builds on MacDonald

and Marx (2001) and illustrates how the choice of enforcement effort depends on the relative cost

of enforcement versus non-enforcement actions. A key feature of the model is that tasks will be

substitutes from the standpoint of the trooper and complements for the Patrol. For expositional

simplicity, I focus on the agent’s problem in the main text (Lazear 2000; De Philippis 2021) and defer

an explicit characterization of the Patrol’s problem and additional model extensions to Appendix

B.19

Preliminaries: The agent is endowed with one unit of effort which she divides between traffic

enforcement te, non-enforcement activities tn, and all other uses of effort to, which has marginal

cost of zero. To map into the contracting literature, traffic enforcement is the “contracted” action

and non-enforcement is the “non-contracted” action. The relative cost of enforcement ω(a) ∈ (0, 1)

such that total effort is teω(a) + tn. Let a be an exogenous factor that shifts the relative cost of

enforcement, with ω′(a) > 0. For example, poor recent performance (↓ a) on enforcement tasks

(such as missing the target) lowers the cost of specialization in enforcement.

The Patrol does not observe the agent’s effort allocation between enforcement and non-

16Even if troopers are pro-social (Chalfin and Goncalves 2023), appropriate incentives may still be required to
ensure troopers are taking the “right” actions.

17More generally, developing a contract over a highly stochastic outcome will be infeasible as the correlation
between effort and the observed output will be close to zero.

18Baker (1992) shows that performance measures not based on the principal’s true objective will in general not
lead to first-best effort provision. Baker, Gibbons, and Murphy (1994) study conditions under which a combination
of subjective and objective criteria can be optimal.

19Appendix B also presents a version of the model where troopers choose between high- and low-quality enforce-
ment, rather than between tasks, as I present here.
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enforcement tasks, but does observe whether the agent succeeds on these tasks. Linking to the

institutional details in a stylized manner, let “success” on traffic enforcement be defined as meeting

the enforcement target and let “success” on non-enforcement activities be fully completing them

in a timely and thorough manner. The Patrol receives a payoff only if both tasks are completed

successfully and receives zero payoff otherwise. Outcomes are determined independently. Allocat-

ing effort t to a task successfully completes that task with probability equal to the allocated effort.

For example, if the agent exerts effort te = 1, then she meets the enforcement goal with probability

one and completes the other task with probability zero.

The agent can receive one of three distinct payoffs as a function of the tasks they complete:

Agent’s payoffs


b if succeed on both e, n tasks

o if succeed on one of e, n tasks

n if succeed on neither e, n task

Following MacDonald and Marx (2001), define the following differences in payoffs for the agent

Λb = u(b)− u(o)

Λo = u(o)− u(n)

Agent’s Problem: Let u(·) be the agent’s vNM utility function associated with a given payoff and

which satisfies the usual conditions of strict concavity and is twice continuously differentiable.

Given a contract c ≡ (n, o, b) which specifies the payoffs above, the agent’s problem is to choose

effort allocations to solve the following maximization problem:

max
te,tn

U(te, tn, c) = u(n) + te(Λ
o − ω(a)) + tn(Λo − 1) + tetn(Λb − Λo) (1)

Taking as given an arbitrary contract which generates an interior solution (see MacDonald and

Marx (2001) and Appendix B for additional details), the trooper’s first-order condition is:

t∗e = 1− tn =
1

2

(
1 +

1− ω(a)

Λb − Λo

)
(2)

It is straightforward to see that the only incentive schemes which will generate an interior solution

are those with Λb−Λo > 1−ω(a). For example, a monotone contract c with b > o > n may generate

an interior solution. Intuitively, lower relative costs of enforcement will shift or ultimately break

this relationship, such that Λb − Λo ≤ 1 − ω(a) and lead to troopers specializing in enforcement.

The following proposition formalizes this idea and derives two empirical implications.

Proposition 1: Constrained troopers (ω(a)) will increase enforcement effort (te) relative to un-

constrained troopers (ω(a)), where (a, a) are arbitrary values in the support of a, with a < a.
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This proposition follows from a simple comparative static on the first-order condition, namely:

∂t∗e
∂a

= − ω′(a)

2(Λb − Λo)
(3)

Since ω′(a) > 0, greater values of a will lower t∗e and vice versa.20 Therefore, holding fixed Λb−Λo,

troopers with lower relative costs of enforcement effort will choose to increase time spent on traffic

enforcement, relative to troopers with relatively higher costs of enforcement effort.

Proposition 1 has two testable implications in the data, which neatly map into the identification

strategy I leverage below in my investigation of trooper responses to misaligned incentives. I present

the formal tests here and then discuss identification in greater detail in each of their respective

sections.

To set some notation, suppose that a ∈ A has two values, (a, a) with a < a. Respectively,

these values of a correspond to constrained and unconstrained troopers. Let p ∈ P be the value of

some performance measure, such that if p < 0, troopers have a and if p > 0, troopers have a. That

is, the arbitrary cutoff of p = 0 induces a sharp change in the relative cost of enforcement.

Empirical Test: Marginally constrained troopers should have greater enforcement volume than

marginally unconstrained troopers. Put differently, troopers with poor performance in one period

should compensate in the following period since repeated poor performances can lead to negative

personnel evaluations, performance improvement plans, or a lower chance of being tasked with

desirable assignments. Intuitively, this test gives rise to a regression discontinuity design comparing

the enforcement patterns of troopers with marginally different values of p, which generate sharp

changes in a and subsequently, their relative cost of enforcement effort. Formally, letting Yt denote

a measure of enforcement volume (e.g., violations), the implication is:

lim
p→0−

E[Yt|Pt−1 = p]︸ ︷︷ ︸
Constrained

> lim
p→0+

E[Yt|Pt−1 = p]︸ ︷︷ ︸
Unconstrained

Similarly, the increased enforcement volume implies that troopers substitute away from non-

enforcement effort and towards enforcement effort, such that

lim
p→0−

E[te|Pt−1 = p]︸ ︷︷ ︸
Constrained

> lim
p→0+

E[te|Pt−1 = p]︸ ︷︷ ︸
Unconstrained

,
}

enforcement effort

lim
p→0−

E[tn|Pt−1 = p]︸ ︷︷ ︸
Constrained

< lim
p→0+

E[tn|Pt−1 = p]︸ ︷︷ ︸
Unconstrained

}
non-enforcement effort

Together, each of these empirical tests of Proposition 1 indicate that raising the tightness or

saliency of the enforcement target (through narrowly missing it) will lead to increased emphasis on

enforcement effort since it has lowered the cost of specializing in the lower-cost task. Alternative

models highlighting the decision between enforcement quality and enforcement equity in Appendix

20See Appendix B for additional details.
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B predict that raising the constraint saliency will also decrease enforcement quality and disparately

affect minority motorists.21

2.4 Data Infrastructure

In this paper, I assemble a rich data infrastructure to study the public safety consequences of

misaligned incentives and to empirically test the predictions of the simple theory. I link nearly nine

years (2010-September 2018) of incident-level activity records from the Washington State Patrol,

known as Time and Activity Reports.22 Crucially, these records include the date, time, location,

trooper name, action taken, and associated violations and enforcement actions. These data also

include basic motorist demographics including race, age, and gender.

I merge these activity records to administrative schedules which detail when and where troopers

are assigned to be working. For each entry in the scheduling data, I observe trooper name, date, unit

assignment (i.e., beat/location), and shift beginning and end hours. Combining these data together,

I construct work histories at the shift-hour level for troopers over the sample period. To allow for

a small degree of measurement error in the recorded time of the activity, I group any activity that

occurs in the hour before or after the shift ends into the focal shift.23 The typical scheduled shift for

a trooper is ten hours in length. Less than one-fifth of scheduled employees work eight-hour shifts,

but these generally reflect administrative positions or non-standard assignments and I exclude these

shifts from my sample, along with a small number of highly specialized assignments.

I merge this data infrastructure with detailed information on personnel evaluation schemes

describing both the construction and role of the enforcement target in the broader constellation

of trooper performance evaluation. I leverage a combination of internal administrative documents

including location-year-specific targets from monthly worksheets, year-end reviews, personnel eval-

uation forms, senior Patrol management-level feedback, and instructions for setting monthly targets

to formulate and assign location-by-year specific targets.24

Table 1 presents descriptive statistics for troopers in my sample. Unsurprisingly, given the

21An alternative theoretical modeling approach is to specify a fully-dynamic model of trooper behavior. I choose
to focus on the static model for two reasons. First, my focus is on the effect of period-over-period responses in
incentives, rather than within-period responses, though below I empirically examine trooper behavior within-period.
Second, under certain model parameterizations (e.g., Holmström and Milgrom 1987), the dynamic principal-agent
model effectively reduces down to a sequence of static problems, suggesting that many of the core insights can be
gleaned from a tractable static framework.

22In general, my data infrastructure leverages a subset of the raw underlying data from Pierson et al. (2020) along
with independently sourced records.

23For example, if the shift ends at 4 p.m., but I observe a stop as 5 p.m. on the same day, I group this activity
into the 4 p.m. hour of the preceding shift, and similarly for activity preceding the focal shift. Such a pattern may
occur if the activity occurred at the very end of the regularly scheduled shift hour or was a lengthy stop and the time
was only recorded ex-post. In practice, this procedure affects only a small handful of observations and makes little
difference to the empirical results described below.

24I supplement these records and follow the institutional instructional documents on target setting and use the
within location-year per-shift average as the relevant metric when it is otherwise missing. Benchmarking these
estimated targets against administratively recorded ones yields an average deviation of less than one-tenth. I also show
in falsification tests below that alternative “placebo” targets do not yield any discrete changes in trooper behavior.
Moreover, any measurement error in the assigning of targets or the construction of the trooper performance measure
should attenuate any findings.
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population demographics of the state, troopers are predominantly white and male. The average

trooper records around nine violations per shift, about two-thirds of which are moving violations

(e.g., speeding, following too close, improper lane change, etc.) and the other one-third of which

are non-moving violations (e.g., licensing, paperwork, etc.). While vehicle searches are relatively

rare, the typical trooper conducts between two and three total assists per shift, reflecting the varied

responsibility set of troopers. Finally, just under thirty percent of shifts contain a collision response,

implying that the average trooper receives between four and five collision responses per month.

3 Enforcement Targets as Effort Incentives

In this section, I provide empirical evidence that enforcement targets have a causal impact on troop-

ers’ traffic enforcement levels. I also illustrate how these salient goals affect trooper behavior on

an evaluation period-by-evaluation period basis, affecting both trooper traffic enforcement volume

and the distribution of enforcement.

3.1 Trooper Responses to Varying Traffic Enforcement Targets

I first provide empirical evidence that trooper enforcement volume is a function of the enforcement

targets that they face. To do so, I leverage trooper transfers across locations with varying enforce-

ment objectives. This identifying variation is common in the wage premium (Abowd, Kramarz, and

Margolis 1999; Card, Heining, and Kline 2016; Song et al. 2019; Bonhomme et al. 2023) literature

and in other settings such as healthcare (Finkelstein, Gentzkow, and Williams 2016) and education

(Jackson 2013).

I start by examining the dynamic impacts of a change in enforcement target around the time

of the transfer across locations using an event-study design. Conditional on a move, this research

strategy identifies the dynamic path of troopers’ average change in enforcement volume as a linear

function of the change in the target. Formally, I estimate

Yis(j,j′)t =
4∑

k=−4
k 6=−1

τk ×∆Targets(j,j′)︸ ︷︷ ︸
Event-time coefficients

+ζ1∆Targets(j,j′) + X′is(j,j′)tδ︸ ︷︷ ︸
Fixed
effects

+εis(j,j′)t (4)

for trooper i, transfer s from location j to j′, and time t (month and year). The coefficients of

interest are τk which trace out the dynamic response of trooper per-shift average enforcement,

interacted the change in enforcement target moving from j to j′. Xis(j,j′)t includes trooper, month,

year, and “origin” (j) and “destination” (j′) location fixed effects. For simplicity, I align trooper

movements so that troopers are always transferring to locations with greater expected enforcement

volume.

One challenge with this empirical design is that trooper movements may be endogenously

determined. For example, underperforming troopers may be systematically transferred to beats

with less demanding responsibilities or trooper preferences over location may generate predictable
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sorting across beats. While the Patrol retains ultimate control over the assignment of troopers to

beats, such endogenous behaviors may appear as violations of the parallel trends assumption.

Figure 1 presents the results of this exercise. Reassuringly, I find little evidence of any sys-

tematic parallel trend violations, as all pre-period coefficient estimates are closely centered around

zero and statistically insignificant. The path of the pre-period estimates is also remarkably flat,

suggesting little evidence in favor of the systematic sorting described above. In the post-transfer

period, there is an immediate jump in enforcement activity. The magnitude of the period zero

estimate is slightly attenuated as some transfers may occur within a given month, which will at-

tenuate the change in per-shift enforcement volume. After this initial period however, enforcement

volume sharply increases and levels off in the second month after the transfer, indicating minimal

adjustment frictions such as trooper learning. Taking the average of the post-period coefficients as

a benchmark, the estimates imply that increasing the per-shift enforcement target by one increases

average per-shift violations by 0.52, or more than fifty percent of the change.25

While I have oriented trooper transfers to be in the positive direction for simplicity, the effects

on trooper behavior need not be symmetric with respect to the change in target. I test whether this

asymmetry is present in Appendix Figure A3 and estimate Equation (4) separately for troopers

who transfer to locations with higher and lower targets. Appendix Figure A3 reveals some degree

of asymmetry between the type of trooper transfer. Specifically, troopers who transfer to locations

with higher targets increase their per-shift enforcement by around 0.8. In contrast, troopers who

move to less demanding locations reduce their per-shift enforcement by only around two-fourths,

though the long-run absolute magnitude of both directions is similar.

These mild asymmetric patterns are consistent with an increase in the target being more salient

to transferring troopers than a decrease. Holding traffic patterns fixed, upward transferring troopers

must exert additional effort to meet the more demanding goals, where as downward transferring

troopers can hold their effort fixed and outperform the new, lower target.26

One limitation of the event-study approach is that the estimated responses are inherently local

to the time of the transfer and may mask long-run learning behavior, where troopers initially only

partially adjust their behavior before fully accommodating to the new target. Indeed, there is

some evidence of these short-run dynamics where trooper enforcement volume grows over the first

two months after the transfer before leveling off in the second post-transfer month. I explore this

possibility in Panel B of Figure 1, where I plot changes in average per-shift violations against changes

in the enforcement target in the raw data. Consistent with troopers adjusting more completely

in the long-run, the magnitude of the slope coefficient indicates that trooper per-shift violation

production increases by approximately two-thirds, an estimate that is larger in magnitude than the

implied average event-study effect, although closely aligned with the estimated medium-run effects

25For completeness, Appendix Figure A2 presents robustness checks for a number of alternative event-study
specifications. All of the estimates reveal sharp and similar magnitude changes to trooper per-shift enforcement in
response to target changes.

26I also present Abowd, Kramarz, and Margolis (1999) (AKM) style transitions in Appendix Figure A4 for selected
moves, grouping locations into bins which roughly correspond to quartiles of their target.

14



beginning in the second post-transfer month and onward. However, trooper responses still do not

lie perfectly on the 45 degree line, indicating some degree of adjustment frictions.

Trooper traffic enforcement volume may not adjust on a one-to-one basis with the target be-

cause not all troopers are marginal to the target. Put differently, there are troopers who will

consistently underperform and troopers who will consistently over-perform the target in their cur-

rent beat. Transferring underperforming troopers to a more demanding beat means that these

troopers may not be able to fully adjust because they were also unable to consistently meet their

prior, lower target. Similarly, transferring over-performing troopers means that they need not ad-

just their behavior on a one-to-one basis to still meet the target since they were already exceeding

the prior level. Either of these phenomena will lead to an attenuated response.27 Nonetheless,

both the event-study and cross-sectional approaches yield similar magnitude responses and empiri-

cally confirm that trooper traffic enforcement volume is strongly correlated to the location-specific

demands they face.

3.2 Trooper Responses to Missing Enforcement Target

The above results highlight how trooper enforcement effort is malleable to location-specific de-

mands. However, these findings may simply reflect supply-side changes in the prevalence of law-

violating motorists across areas, rather than responses to the enforcement target per se. To rule

out this supply-side channel as a sole explanation for these patterns, I next examine how miss-

ing the enforcement target influences trooper behavior in the following evaluation period among

troopers who remain in the same location for consecutive months. Trooper performance on traffic

enforcement is among the most salient features of their job design, with performance on this met-

ric being closely tracked by Patrol leadership, and based on the qualitative evidence, by troopers

themselves (Branson et al. 2016). Troopers who miss may have conversations with their sergeants

about poor performance, be placed on a performance improvement plan, or anecdotally, be denied

leave (Jones 2007). Consequently, troopers have strong incentives to perform consistently well on

this performance metric.

I examine how troopers respond to narrowly missing their enforcement targets using a regres-

sion discontinuity design (RD). Intuitively, this research design compares troopers who just miss

versus just make the stated enforcement goal. In effect, the target increases the saliency of the im-

portance of conducting traffic enforcement, relative to other tasks. Formally, I estimate regressions

of the following form:

Yijt = α0 + α11[Miss Targetij,t−1] + α2 Relative Performanceij,t−1︸ ︷︷ ︸
Enforcement - target

(5)

+ α31[Miss Targetij,t−1]× Relative Performanceij,t−1 + X′ijtδ︸ ︷︷ ︸
Fixed
effects

+εijt

27An alternative explanation is measurement error.
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for trooper i, location j and time t. Yijt is a measure of per-shift enforcement activity. The

coefficient of interest is α1 which measures the change in per-shift enforcement activity for narrowly

target-missing troopers, relative to target-achieving troopers. If a trooper’s enforcement production

is a key feature of their job then we would expect narrowly missing (constrained) troopers to increase

their enforcement effort the following month to compensate. I also include linear measures of relative

performance and a series of fixed effects, including location-by-year and location-by-month fixed

effects which are designed to capture common shocks across troopers. Throughout, I weight the

regressions using a triangular kernel to place greater emphasis on troopers near the cutoff, though

I show robustness to alternative weighting schemes below.

The key identifying assumption underlying this research design is that troopers are unable to

systematically manipulate their enforcement volume to perfectly reach the target. Unlike many RD

settings, there is greater scope for potential manipulation since troopers in this context individually

determine their enforcement volume through the actions that they take. The key detail is that

troopers are unable to perfectly target their enforcement volume to match the target expectation

or sort just above it (Lee and Lemieux 2010). Such imperfect control can arise from idiosyncratic

shocks, such as higher or lower volumes of law-breaking motorists, weather patterns, traffic flows,

or variation in non-enforcement responsibilities. The implication, therefore, is that the density of

troopers should be smooth through the cutoff. I formally test whether this is the case in Panel A

of Appendix Figure A5 using the nonparametric estimator of Cattaneo, Jansson, and Ma (2018;

2020) and find no evidence, either visually or statistically, of any systematic sorting (p = 0.92).28

Panel B of Appendix Figure A5 also illustrates that trooper characteristics are smooth through the

cutoff, providing additional evidence for the internal validity of the exercise.29

With the validity of the natural experiment established, I begin by estimating the probability

that a trooper meets the enforcement target in time t as a function of their performance in the

previous month t−1. The blue dots in Panel A of Figure 2 plot residualized means of the probability

that a trooper meets the target in time t. Marginally missing troopers are 3.2 percentage points

more likely to meet their enforcement goal in the following month compared to marginally meeting

(unconstrained) troopers.30 This response gap across troopers is larger (4.8 percentage points) for

troopers who are on the margin of a second consecutive miss (hollow orange diamonds), consistent

with troopers responding to signals about the potential negative career consequences associated

with consistently poor performance.31

I further confirm these findings with two additional exercises in Appendix Figure A7. First,

I include trooper fixed effects, effectively limiting the variation to comparing the same trooper on

either side of the discontinuity. If anything the behavioral response appears to be even stronger

28The [−1.5, 1.5] bandwidth corresponds approximately to plus or minus ten percentile ranks. I show below that
results are robust, if not even stronger, when using narrower bandwidths.

29Column 2 of Table 1 displays summary statistics for this subsample.
30Mean reversion alone is unlikely to explain these patterns as troopers on both the left and right hand sides of

the cutoff would experience this phenomenon, leading to no visual or statistical discontinuity.
31Appendix Figure A6 conducts placebo tests using alternative lower and higher “cutoffs,” and finds precisely

estimated null responses, confirming that the focal cutoff is capturing a key point in the trooper evaluation scheme.
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and more precisely estimated within-trooper. Second, I examine whether troopers are similarly

responsive in periods where it is easier or more difficult to reach the target due to variation in

traffic volume since the target time-invariant within-year. For parsimony, I define the easy periods

as the six months with the highest daily average volume of enforcement and the more difficult

periods as the other six months.32 While splitting the sample in this manner limits statistical

power, I find slightly larger responses for troopers in easier months. Constrained troopers in more

difficult months are as differentially likely to subsequently meet the target as in the pooled sample,

although this estimate is less precise, even though there is a visual change at the discontinuity.

Together, I take these results as evidence that the incentive scheme is a salient feature of troopers’

daily activities throughout the course of the year.

Having established that troopers are responsive to enforcement targets and respond by chang-

ing their enforcement efforts, I now turn to examining the activity which generates such a response.

In Panel B of Figure 2, I report RD coefficients along with associated confidence intervals.33 Con-

sistent with marginally-missing troopers increasing their enforcement effort, I find increases in

per-shift violations, concentrated among non-moving violations, and stops, though the latter is less

precisely estimated.34 Moreover, that violations increase by a greater margin than stops also sug-

gests that troopers are differentially more stringent and cite more violations per stop. I empirically

test this prediction in the next series of coefficients, showing that marginally missing troopers cite

more violations per stop, which is spread almost equally between moving and non-moving violations

- an overrepresentation of non-moving violations relative to the equilibrium per-stop share.

Given this differential stringency, a natural question is whether troopers are equally differen-

tially stringent across the motorist distribution. To examine these implications of trooper responses

I compare the stringency gaps between white and minority (all other) motorists in Panel C.35 I find

suggestive evidence evidence of differential stringency across motorists, with minority motorists

receiving weakly more violations per stop than white motorists. This disparity is concentrated

among non-moving violations, a class of infractions where troopers have substantial discretion and

are lower priority given their looser association with traffic safety.36 In Appendix Table A1, I

32Easier months are January, February, March, April, May, and July.
33For completeness, Appendix Table A1 provides formal point estimates and standard errors.
34Non-moving violations are generally more minor infractions that are often related to equipment, licensing, and

paperwork violations rather than inappropriate driving behavior such as speeding, improper lane changes, or cell
phone use, among other infractions. I classify moving violations following the relevant statues and for expositional
simplicity, classify other violations as non-moving.

35I group all non-white motorists together to reflect that the population demographics of the state vary by region
(e.g., higher rates of Black individuals in metropolitan areas and higher rates of Hispanic individuals in rural areas)
as well as to capture that there will be substantial traffic flows across the state throughout the day. Moreover, recent
work has highlighted measurement error in how race and ethnicity are recorded in the criminal justice system (Finlay,
Luh, and Mueller-Smith 2024) - aggregating motorists together in this binary fashion should minimize the degree of
measurement error, but attenuate the magnitude of any disparities.

36In Appendix Figure A8, I undertake a battery of robustness checks to ensure the stability of the above empirical
patterns. These findings are robust to alternative bandwidths, weighting schemes, and using within-, rather than
across-trooper variation. In fact, narrowing the bandwidth or using within-trooper variation generally increases the
magnitude and precision of the RD estimate. The choice of weighting scheme also does little to impact the magnitude
of the regression discontinuity estimates.
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further show that these disparities and increased stringency (Panels B and C) are larger during

periods of the year where it is more difficult to meet the enforcement target, although splitting

the sample limits statistical power, indicating that greater degrees of target saliency increase the

prevalence of deleterious outcomes at the margin.

Effectiveness vs Efficiency: The available evidence indicates that enforcement targets are effective

at inducing additional enforcement effort from troopers. Thus, the incentive scheme performs as

intended. However, much of this effectiveness response comes from generally minor non-moving

violations and differentially greater stringency for minority motorists. If the goal is to minimize

collisions, then the deterrence effects from minor non-moving violations are likely less impactful

than those for more severe offenses like speeding or reckless driving. Moreover, this latter disparity

also has the potential to harm the financial stability of low-income motorists (e.g., Mello 2023;

Luh, Pyle, and Reeves 2024), as race and ethnicity are correlated with income in Washington

State, as in the United States more broadly (Appendix Figure A9). Such an enforcement disparity

may be socially efficient however, if there are differences in the driver risk distribution across race

and ethnicity. Put differently, the increased enforcement may be socially valuable if it results in

increased deterrence effects for risky drivers.

While I am unable to directly test for individual deterrence effects given data limitations,

measured either by receiving future driving sanctions or collisions, I partially test whether minority

drivers are relatively riskier than white drivers by examining collision rates over the age profile.

Specifically, I calculate the average number of yearly collisions by motorist age and racial or ethnic

group and scale by the corresponding population.37 While this exercise is an imperfect measure of

driver risk, it offers a first-order approximation of driving behavior in the population using a metric

that is objective and not confounded by potential differences in enforcement patterns.

Panel A of Appendix Figure A10 reports local polynomial smoothed collision risk distributions

separately for white and minority drivers.38 While the two distributions share the same shape, mi-

nority drivers exhibit lower collision rates uniformly across the age distribution, suggesting that the

stringency documented above is likely unwarranted on the basis of risk alone. Panel B disaggre-

gates minority motorists into each group separately. Black motorists have higher collision risk than

white motorists across the age profile. Younger Hispanic motorists have slightly lower collision

rates than white motorists while the opposite is true for older Hispanic motorists. Other racial

minorities, such as Asian and Pacific Islander and Native American/Alaskan Native have sharply

lower collision rates compared to white motorists.39

37I measure population using the 2010-2018 waves of the American Community Survey.
38While WSP has concurrent jurisdiction over all roads in the state, the set of collisions, and therefore estimated

risk distributions, they respond to may not be broadly representative. To test this representativeness, I generate
similar risk distributions by motorist gender in Appendix Figure A11 and compare them to the corresponding dis-
tribution from the Washington State Department of Transportation database. Relative to the universe of collisions
in Washington State, WSP-responded collisions are slightly more likely to involve younger drivers, perhaps a sign
that the collisions themselves are more severe, though the shapes of the distributions themselves are highly similar.
Taken together, I conclude that the estimated risk distributions by race/ethnicity are a reasonable approximation to
the statewide equivalent.

39This relative ranking is also broadly representative of fatal collision rates in public data
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I further extend this investigation into differences by motorist risk and estimate a “risk score”

using race-by-gender fixed effects and a quadratic in motorist age. I define “high-risk” drivers as the

top quintile and “low-risk” drivers as the bottom four quintiles of this measure. Appendix Figure

A12 examines racial differences in per-stop stringency among these two risk groups. If anything,

I find that the majority of the stringency disparity is concentrated among non-moving violations

for high-risk motorists with few differences in the rest of the distribution. Together, these results

illustrate that minority motorists receive differentially greater per-stop stringency for relatively

minor infractions from constrained troopers even when compared to white motorists in the same

part of the risk distribution.40

Aside from differences in driver risk, there may be underlying differences in vehicle quality (e.g.,

expired registration) between motorist race/ethnicity that lead to pre-textual or “mixed-motive”

stops.41 If these differences are effective tags (Akerlof 1978) for driver risk, either with respect to

driving behavior or the likelihood of carrying contraband, then the efficiency gain may outweigh

the disparity cost from a public safety standpoint. I test this mechanism in the context of vehicle

searches - if the non-moving violations are effective tags, then the search outcomes for minority

motorists should also be differentially successful. One drawback to this exercise is that I do not

observe the reason for the search. However, conditional on a search, around half of stops also

have a non-moving violation associated with them, suggesting that there is a possibility for non-

moving violations either being used in a mixed-motive manner or the search uncovers additional

non-moving violations.

Appendix Figure A13 reports regression discontinuity estimates using various measures of

trooper search behavior as the outcome. I first document that there is an aggregate search response,

as marginally missing troopers weakly conduct more searches, particularly for minority motorists.

These searches are not differentially more successful however as “hit rates” weakly fall.42 Finally,

I test whether troopers cite more violations to these additional searches as suggestive evidence of

non-moving violations being used as the basis for a search. I find that violations during unsuccessful

searches, particularly for minority motorists, sharply increase, with no detectable changes for white

(https://wtsc.wa.gov/dashboards/traffic-fatality-rates-dashboard/). One exception is for Native Amer-
ican/Alaskan Native drivers who have elevated fatal collision rates compared to white drivers in contrast to the
overall collision rates illustrated in Appendix Figure A10.

40These patterns are not just driven by Black motorists who have the highest collision risk, as dropping areas with
a high prevalence of Black motorists only exacerbates these patterns. This pattern of differential stringency could
also be consistent with officer preferences for allocating more sanctions to high-risk motorists (Goncalves and Mello
2023) interacting with imperfect priors over motorist risk by subpopulation. Moreover, from an efficiency standpoint,
high-risk drivers are the least likely to be deterred from sanctions (Goncalves and Mello 2023).

41Non-moving violations may be used as the basis for conducting stops and searches in the absence of any specific
moving violation. While strictly speaking, pre-textual stops were outlawed in the state in 1999, “mixed-motive”
stops were ruled constitutional in 2012. Mixed motive stops are those which the officer has an independent reason
for stopping and searching a motorist, such as an illegally altered muffler as in State v. Arreola 2012, which may lead
to further search and investigation.

42These estimates on search quality represent the average outcome among searches conducted, not the marginal.
The marginal search outcome can be recovered by scaling by the probability of a search being conducted and under
an additional assumption that the enforcement target only influences the probability of a search occurring. Since
the probability of a search increases for minority motorists, the marginal search outcome is even less likely to reveal
contraband.
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motorists or during successful searches. Taken together, these results provide little evidence to

support the fact that either searches are differentially warranted on the basis of efficiency grounds

or that non-moving violations are sufficiently sharp tags for contraband yield. These results also

provide an alternative mechanism for, and corroborate, historical reporting documenting that white

drivers are in fact more likely to carry contraband in the state, even though they are searched at

lower rates than minority drivers (Buch and Borkholder 2020).

In the absence of measurable risk differences or effective targeting and search due to non-

moving violations, there are two alternative mechanisms which may explain these enforcement

patterns. The first is differential “hassle costs” across motorist groups. When a motorist receives a

traffic citation, they have the opportunity to contest the citation in court and offer evidence in their

favor. If the infraction is contested, the citing trooper is required to appear in court and testify

that the infraction occurred. Given differential opportunity costs and access to political capital,

white and higher-income motorists face lower barriers to contesting marginal infractions. Thus,

all else equal, minority or lower-income motorists should have lower contesting rates. Prior work

has found evidence in favor of hassle costs driving differential search patterns in Texas (Feigenberg

and Miller 2023) and differential ticketing patterns in Massachusetts (Makowsky and Stratmann

2009).43

While I do not have information on individual downstream violation outcomes in my data,

I source caseload reports from the Washington State Administrative Office of the Courts. These

caseload reports include court-level outcomes on the number of traffic infractions that have hearings

or are contested. Although it is an imperfect test for the presence of hassle costs, I test whether

population characteristics of the county are predictive of caseload outcomes. Following prior work,

I focus on the relationship between caseload outcomes and poverty rates, with the implication that

poverty and racial demographics are also positively correlated (Appendix Figure A9). Appendix

Figure A14 reports these cross-sectional correlations. I find suggestive evidence that counties with

higher poverty rates have lower rates of traffic cases with any hearings and unconditional on hearing,

are less likely to be contested. Together, these correlations are consistent with troopers facing lower

hassle costs for sanctioning lower-income and minority motorists. Consistent with the version of

the principal-agent model in Appendix B, this should lead to greater enforcement for minority

motorists.

A final potential mechanism is racial animus across troopers. Under this mechanism, troopers

have differential preferences for enforcement that co-vary with motorist race and ethnicity. I conduct

the Antonovics and Knight (2009) test for racial bias in the context of vehicle searches. While

this test relies on potentially strong econometric assumptions and there is an imperfect mapping

from search behavior to general traffic enforcement, it still provides some useful information on

the potential for differential treatment of motorists of different races and ethnicities. I find little

evidence of racial animus in the contexts of vehicle searches (p = 0.54), suggesting that animus

43Police officers more generally also alter their behavior when they face overtime opportunities, which such court
appearances may fall under (Chalfin and Goncalves 2023).
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alone is unlikely to fully explain the differential enforcement patterns I document above.

Taken together, the preceding exercises demonstrate that, consistent with prior qualitative ev-

idence, troopers are highly responsive to their enforcement targets. However, while this personnel

management tool is effective in the sense of increasing enforcement effort, it also induces differen-

tial changes to trooper behavior, including increased production of minor violations and per-stop

stringency, which differentially affects minority motorists. This change in enforcement distribution

is unlikely to be fully attributable to differences in motorist risk, tagging, or racial animus, but

is instead consistent with differential costs of enforcement interacting with trooper performance.

These results offer a novel, systemwide explanation for previously documented differential strin-

gency (Lovrich et al. 2003) that does not hinge on an interpretation of racial animus, which I find

no evidence of, at least in the context of searches. Instead, these empirical patterns are the product

of troopers adversely reacting to their incentive scheme, producing negative externalities. More-

over, from a deterrence standpoint, the production of such minor violations is unlikely to be as

impactful as a focus on higher-risk offenses such as speeding or reckless driving. Below, I examine

how the presence of this enforcement target also influences the substitution of trooper effort across

enforcement and non-enforcement tasks.

4 Multitasking and Competing Objectives

In addition to altering the quality of enforcement actions, enforcement targets may also divert

trooper away from less salient responsibilities. In this section, I examine how troopers trade off

effort across enforcement (contracted) and non-enforcement (non-contracted) responsibilities. I

provide evidence that the design of the existing incentive scheme induces constrained troopers to

focus more on short-run enforcement and delay completion of other non-contracted responsibilities.

In additional exercises, I also study the composition of this short-run enforcement emphasis and

conduct a variance decomposition exercise to disentangle the role of troopers and locations in

generating these adverse outcomes.

4.1 Tradeoff Between Contracted and Non-Contracted Actions

During their shifts, Patrol troopers are responsible for completing a variety of tasks, including both

traffic enforcement and non-enforcement actions, such as responding to calls for service and colli-

sions. Using a similar regression discontinuity design as in Section 3.2, I examine how marginally

missing and marginally meeting troopers allocate their effort on these non-contracted responsibili-

ties as measured using collision responses.44

44I modify the previous research design slightly and estimate Equation (5) at the trooper-month-year-collision
event level. This modification allows me to include hour-of-shift, hour-of-day, and district-by-date fixed effects which
help control for variation in traffic flows and influence how troopers allocate their effort across competing tasks in
addition to including trooper fixed effects. In the RD exercises below, I also examine events which occur in the
interior hours h ∈ [3, 8] of the shift to allow estimation of pre-event balance, observation of any follow-up activity,
and to maintain consistency with exercises in Section 4.2 and the remainder of the paper.
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Figure 3 presents estimates of missing the target on trooper non-contracted effort. I first show

in Panel A that marginally missing troopers are no more or less likely to be assigned collision

responses. However, marginally missing troopers are more likely to have observed non-collision

activity immediately following a collision response, as measured either in number of hours until or

the probability of having any activity in the following hour.45 Thus, marginally missing troopers

return to active patrol and traffic enforcement duties more quickly than marginally meeting troop-

ers. I further investigate the composition of this activity in Appendix Figure A16 and Appendix

Table A2, where I confirm that marginally missing troopers are weakly more likely to conduct

only enforcement activity in the following hours and demonstrate that the burden of their enforce-

ment efforts predominately falls on minority motorists, consistent with the conclusions of previous

exercises.46

One interpretation of these results is that the incentive scheme induces constrained (marginally

missing) troopers to efficiently complete collision and non-contracted responsibilities before return-

ing to their usual activities. However, I show in Panel B that this is not the case. Obligations from

collision responses include both the immediate response of clearing the road and controlling the

scene along with the downstream completion of lengthy narrative reports detailing the incident.

Using a subsample of collision reports (2014-2018) probabilistically linked to events, I find that

constrained troopers are 1.4 percentage points (around 4%) more likely to file collision reports

more than one week after the event, despite having no difference in observed response times.47

This delayed reporting is exacerbated, although imprecise, among the sparse subsample of events

which involve driving under the influence or end in felony charges, where constrained troopers are

also more likely to file reports after five business days, an internal reporting deadline for felony

events.48 Together, these results suggest that constrained troopers ex-post prioritize short-run

quantifiable activity related to job performance at the expense of the public through lower longer-

run performance on less salient responsibilities, despite behaving ex-ante similarly to unconstrained

troopers.

However, the short-run emphasis on enforcement is not without cost. Internal documents

highlight how the Patrol views the obligations of troopers as to the victims with respect to colli-

sion responsibilities and how the delayed reporting implicitly hampers the expediency of the legal

45In this exercise, activity includes both enforcement and motorist assists that the trooper initiated. Both of these
actions require active driving and patrol efforts, capturing troopers conducting non-collision response obligations.
For troopers who have no observed activity over the remainder of the focal shift, I assign them the number of hours
remaining in the shift plus one to differentiate them from troopers whose activity occurred at the end of the shift.
This is equivalent to these troopers conducting their first observed activity in the first hour of the following shift.
All analysis controls for the within-shift timing of the event. Appendix Figure A15 presents a number of robustness
checks.

46Appendix Figure A17 shows that pre-collision activity remains balanced across the discontinuity and Appendix
Figure A18 displays robustness checks.

47Given the subsample and probabilistic nature of the linkage as well as the paucity of well-identified events with
felony charges, I focus on the mean difference between constrained and unconstrained troopers, rather than the effect
at the discontinuity itself.

48Driving under the influence may be charged as a felony or a misdemeanor, depending on the driver’s prior
history. Given data limitations, I am unable to precisely distinguish between these two charge grades in the data and
so present results with DUIs included to maximize sample.
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process and postpones the payment of victim compensation. I estimate the impacts of this report

completion lag on social welfare in Equation (6), comparing the difference in net present value

from the victim’s settlement due to the delayed report with the implied government revenue and

deterrence effects from additional traffic enforcement.

∆NPV Settlement︸ ︷︷ ︸
1 week delay

=

[
α1(Moving Viols.)︸ ︷︷ ︸

RD Estimate

]
×
(

Rev. from enforce.︸ ︷︷ ︸
Ticket value ×
Pr(payment)

+ Deterrence effect︸ ︷︷ ︸
Deter treat. eff. ×

settlement cost

)
(6)

On the left-hand side of Equation (6) is the change in the net present value (NPV) of the collision

victim’s settlement payment to reflect the delayed report. On the right-hand side is the benefit

from additional enforcement specialization, combining the additional government revenue from

enforcement and the deterrence effect of additional collisions due to increased enforcement - see

Appendix D for additional details and the sources for all key parameters.

Figure 4 presents bounds on the net welfare impact of this effort tradeoff under a range of

assumptions. In Panel A, I assume that the enforcement activity deters a minor collision. For

each shaded region I place bounds on the welfare change using a range of settlement values for the

collision whose report is delayed. I then compute the social value of additional enforcement against

this change in settlement NPV over a range of trooper activity hours. If the additional enforcement

deters a minor collision, then the breakeven point is between three and seven hours of additional

enforcement. Put differently the social cost of the delayed report is offset by between three and

seven hours of additional traffic enforcement. This breakeven point shrinks if the deterred collisions

are of moderate severity (Panel B).49 Together, these calculations suggest that the welfare impact of

enforcement emphasis on this margin is approximately welfare-neutral or slightly welfare-negative

with respect to the settlement payment. Over a range of plausible parameters, the increased

enforcement emphasis does not offset the reduced net present value of the settlement payment to

the victim. The exceptions are when troopers devote at least half a shift to enforcement and the

additional enforcement deters collisions of moderate severity. One caveat to these interpretations

is that the exercise abstracts from distributional implications and the potential harm on cited

motorists if the marginal sanction harms household balance sheets (Mello 2023; Luh, Pyle, and

Reeves 2024). If any of the enforcement benefits instead disproportionately harm individuals with

high social welfare weights or reduce the social benefit through poor downstream financial outcomes,

then the conclusions of this exercise favor timely report completion even more.

4.2 Examining Non-Local Responses to Multitasking Obligations

The results in the previous subsection reveal that marginally missing troopers prioritize short-

run enforcement effort at the expense of longer-run obligations. However, a drawback with the

49For expositional purposes I display the same calculus for “severe” collisions, which have settlement bounds
between $489,000 and $2.7 million in Appendix Figure A19. For the range of these outcomes, the benefit of additional
enforcement does not offset the difference in NPV for the settlement payment even when devoting an entire shift to
enforcement.
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regression discontinuity approach is that the effect is only identified for troopers directly at the

cutoff. In practice many troopers may be located away from the cutoff. Moreover, if the ultimate

goal is to examine the potential for alternative personnel policies to mitigate the distortion of the

existing incentive scheme, then estimates across the trooper distribution will be needed.

In Appendix C, I develop a complementary dynamic difference-in-differences approach which

compares collision responding and non-responding troopers who work the same location and shift,

recovering the difference in hourly activity across these groups of troopers. Intuitively, this ap-

proach identifies heterogeneity in how troopers trade off contracted and non-contracted actions

when facing the same working conditions. Specifically, this exercise can be thought of as examining

the composition of the enforcement troopers prioritized when abstracting from longer-run non-

contracted action obligations and to what extent troopers make these cross-task tradeoffs. The

key advantage of this approach is that effects are identified for troopers away from the cutoff, at

the cost of an auxiliary parallel trends assumption - see Appendix C for full details. Moreover, all

troopers are “treated” multiple times throughout the course of the sample period, suggesting that

trooper-specific responses are recoverable from this identification strategy.

I use the dynamic difference-in-differences approach to further investigate how the incentive

scheme encourages the production of socially suboptimal outcomes in two ways. First, I explore

how troopers respond over the course of the month as the saliency of the target also increases

near the end of the month. The intuition is that near the end of the month, the disruption cost

of collision responses is greater for marginal troopers, since they are afforded less time to smooth

over these shocks. Mapping into the two groups of troopers, constrained troopers should maintain

elevated rates of enforcement emphasis throughout the course of the month and unconstrained

troopers should exhibit an upward sloping gradient, since the constraint is only salient for them

during the end of the period.

Figure 5 presents kernel-weighted estimates of trooper responses as a function of the time left

in the month for various outcomes, with Appendix Figure A20 showcasing additional outcomes

for completeness. Consistent with the predictions, constrained troopers exhibit uniformly larger

degrees of enforcement specialization, whether measured as violations (Panel A) or on the extensive

margin of effort substitution (Panels B and C). In general, marginally unconstrained troopers also

exhibit a gradient of increasing specialization over the course of the month, consistent with their

behavior becoming more similar to constrained troopers when the enforcement target is more

salient. Moreover, constrained troopers produce enforcement disparities across the entire month,

with the behavior of unconstrained troopers becoming increasingly disparate near the end of the

month. Finally, for all of these outcomes, I additionally plot the behavior of “highly unconstrained”

troopers, a subset of troopers far to the right-hand side of the RD. These troopers represent an

empirical “placebo” group, whose behavior should be relatively unaffected over the course of the

month since the enforcement target is non-binding to them. While substantially noisier due to

smaller samples, the within-month behavior of this group is generally less sensitive than that of

even the unconstrained troopers, as would be predicted. If anything, these placebo troopers exhibit
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degrees of specialization towards non-enforcement activities and generate enforcement disparities

that move in the opposite direction. Thus, these results further confirm the distortion of trooper

effort and behavior is greatest when the enforcement target is most binding.

Second, I investigate the broader consequences of these compensating enforcement responses on

traffic court caseload outcomes using the court data from Section 3.2. If some of the compensating

enforcement activity is of “marginal” quality, then the outcomes for these sanctions should be worse

and manifest themselves in the cross-sectional correlation between the court caseload composition

and the degree of enforcement emphasis. While I am unable to directly link the outcomes of indi-

vidual sanctions to their case outcomes given data limitations, I construct county-level measures

of the enforcement responses and correlate these with the mean caseload outcomes from 2010-2018

in Appendix Table A3. Perhaps strikingly, I find evidence that counties where troopers are more

enforcement-focused have measurably worse caseload outcomes, including higher rates of dismissal

and higher rates of the adjudicating body determining the infraction was not committed. These

patterns are consistent across multiple approaches to measuring the degree of enforcement focus.

One exception is correlating the race-neutral outcomes against the enforcement disparity, which if

anything, reveals correlations in the opposite direction. However, this correlation is rationalized by

previous results where minority and lower-income motorists have greater opportunity costs of con-

testing infractions in court. Together, these simple correlations highlight a significant downstream

consequence of trooper enforcement emphasis and provide suggestive evidence that at least some

of this compensating enforcement response results in lower quality citations.50

4.3 Trooper vs Location Heterogeneity

The documented production of negative externalities could reflect either heterogeneous responses to

the salient target and how troopers uniquely react to multitasking obligations (i.e., some troopers

are more sensitive than others) or it may simply reflect fixed differences across locations. Thus, un-

derstanding whether trooper or location heterogeneity is first-order is crucial for designing potential

alternative policies which help mitigate these adverse responses.

To disentangle whether troopers or locations contribute more to response heterogeneity, I begin

by collecting the full set of collision responses with well-defined control groups from the difference-

in-differences design.51 Define the response Rije(h,t)(y) as the mean hourly collision response (event-

specific estimate), for trooper i, in location j, for event e as a function of collision shift-hour h and

date-time t, for a given outcome y. I decompose the variation in Rije(h,t)(y) through a two-way fixed

effects framework which relates the magnitude of the response to vectors of trooper and location

50For example, troopers could reduce the threshold at which they contact motorists for speeding. Unfortunately,
I do not have information on charged and posted speeds and cannot examine this mechanism directly.

51An aggregate difference-in-differences estimate is the average across each of these event-specific estimates. The
intuition is similar to a “stacked” event study (Cengiz et al. 2019) where “event-specific” estimates are recoverable.
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fixed effects:

Rije(h,t)(y) = αi︸︷︷︸
Trooper

fixed
effects

+ ψj︸︷︷︸
Location

fixed
effects

+ W′
e(h)δ︸ ︷︷ ︸

Auxiliary
controls

+εije(h,t) (7)

where We(h) includes indicators for the shift-hour of the collision response h, which I partial out

in a first-step. Equation (7) is similar in spirit to an Abowd, Kramarz, and Margolis (1999) type

regression, except troopers may experience multiple collision response events e(h, t) within a given

location j, rather than working at the same firm for multiple years.52 The goal is to estimate the

relative contributions of the variances of the trooper and location effects in explaining the variance

of R(y). Define the variance of trooper effects as Vαi and the variance of location effects as Vψj
.53

Simple “plug-in” approaches to estimating V(·) will be upwardly biased due to estimation error

in the trooper and location fixed effects. I follow the leave-out estimation procedure from Kline,

Saggio, and Sølvsten (2020) and obtain unbiased estimates of Vαi and Vψj
. I then take the ratio

of these two components to compactly summarize the relationship between the variance estimates

and a given R(y).54 This magnitude of this ratio can be interpreted as the following:

Vαi(y)

Vψj
(y)

> 1, trooper effects more important,

< 1, location effects more important

Figure 6 summarizes this ratio across a series of outcomes measuring trooper enforcement

patterns and effort substitution across tasks. Respectively, each set of bars represents the relative

contributions of trooper and location variances for three measures of enforcement activity, effort

substitution across tasks, and accompanying enforcement disparities. Across all outcomes, I find

variance ratios that are consistently above one, ranging from 1.7 to 4.1, indicating that trooper

effects are substantially more important for explaining the variance in responses to non-contracted

actions than location effects.55 The importance of trooper effects is also increasing from within

each set of activities as the outcome shifts to those where troopers have greater discretion (e.g.,

moving vs non-moving violations).56

Finally, I also confirm that trooper heterogeneity plays a key role in determining not only

52Whether We(h) is partialled out or omitted entirely makes no difference for the conclusions from this decom-
position as I discuss below. Conducting this exercise collapsed down to the trooper-location-year level yields similar
results.

53To simplify the notation, I write V(R(y)) as V(y), where R(·) is implicit in the argument.
54See Appendix E for additional details on the estimation procedure and a derivation of the ratio measure along

with its relation to more traditional decomposition statistics.
55I confirm the enforcement target is a strong predictor of these outcomes in Appendix Table A4 where I project

estimates of the trooper fixed effects onto the relative performance at the time of the event. Consistent with the previ-
ous results, I find that more constrained troopers place greater emphasis on enforcement and have larger enforcement
disparities.

56For completeness, Appendix Figure A21 presents simple “plug-in” variance estimates. Appendix Figure A22
presents alternative methods of conducting this decomposition, omitting the first-step partialling out We(h) and
various degrees of winsorization to reduce the influence of potential outlier estimates. These permutations are
repeated for both the simple and unbiased approaches. The conclusion that trooper effects contribute substantially
more to explaining the variance of R(y) holds across all of these permutations.
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trooper collision responses, but per-shift enforcement as well. I conduct the decomposition from

Equation (7) at the trooper-by-shift level in Appendix Figure A23. Consistent with trooper het-

erogeneity playing a key factor in determining enforcement patterns, trooper effects explain up to

9.9 times the variance of location effects, depending on the outcome.

Taken together, these results imply that the observed variation in multitasking responses and

per-shift enforcement reflect substantially more than just mean differences across locations. In fact,

trooper effects explain many more times the variation in observed outcomes than corresponding

location effects. This decomposition further underscores the importance of quantifying and ac-

counting for trooper heterogeneity when developing policies which may mitigate the prevalence of

these adverse outcomes.

5 The Distribution of Trooper Responses

The previous variance decomposition highlights how trooper heterogeneity is of first-order impor-

tance in generating socially suboptimal outcomes. Therefore, policies which may wish to target

this heterogeneity to minimize the prevalence of negative externalities require estimates of trooper-

specific behavior. To quantify differences across troopers, I begin by constructing trooper-specific

estimates (θi(y)) as the weighted average of all trooper-specific difference-in-differences estimates.

While it is attractive to work with the empirical estimates of θi(y) directly, these estimates

will reflect a combination of true differences across troopers as well as estimation error. In extreme

cases, this estimation error will be substantial enough as to generate observed differences across

troopers that are entirely just noise. One way to assess whether the distribution of trooper estimates

contains entirely estimation error is to construct a bias-corrected estimate of its variance (Krueger

and Summers 1988; Kline, Rose, and Walters 2022):

V(θi(y)) =

(
N − 1

N

)[
1

N − 1

N∑
i=1

(
θi(y)−

θi(y)︷ ︸︸ ︷
1

N

N∑
l=1

θl(y)

)2

︸ ︷︷ ︸
Sample variance

− 1

N

N∑
i=1

σ2
i (y)︸ ︷︷ ︸

Bias correction

]
(8)

The bias correction term is the average trooper-specific squared standard error. Intuitively, if

the cross-trooper dispersion is predominantly estimation error, then V(·) should be close to zero.

Appendix Table A5 reports estimates of mean cross-trooper responses along with naive plug-in

and bias-corrected variances. Consistent with significant variation across troopers that reflects

additional signal beyond just noise, I find sizable remaining variation, even after correcting for

estimation error.

Documenting significant variation across troopers does not solve the challenge of quantifying

individual trooper estimates in the presence of estimation error however. Below, I explore two

potential solutions. The first approach groups troopers into discrete bins or “types” which reflect

the covariance across measures of trooper activity and performance. While this clustering approach
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leverages noisy but unbiased estimates, it only permits identification of a finite number of types,

rather than trooper-specific estimates. A second approach is to employ Empirical Bayes (EB) tools

to shrink noisy trooper-specific estimates towards a common prior, trading off bias for variance.

While the individual EB estimates themselves are biased, they allow the researcher to recover

trooper-specific estimates instead of group-level aggregates. Below, I employ both techniques to

quantify the heterogeneity across troopers.

5.1 Identifying Discrete Trooper Typologies

In this subsection, I use k-means clustering, an unsupervised machine learning algorithm, to classify

troopers into a finite number of distinct groups.57 As inputs, I use the trooper-specific responses for

violations, violation disparity, and the probability of having only enforcement activity, along with

trooper mean per-shift violations, such that troopers are characterized by this four-dimensional

joint distribution. I define per-shift enforcement as the trooper fixed effect from the following

auxiliary regression:

Yijst =
N∑
i=1

γi + X′jtβ + εijst (9)

for trooper i, location j, shift s, and time t, where Xjt includes both location-year and date fixed

effects. In this context, γi recovers an estimate of the trooper-specific average violations per shift,

accounting for differences in targets and responsibilities across locations, along with idiosyncratic

daily shocks.58 Similar “benchmarking” regressions have previously been used to study the average

behavior of judicial agents in pretrial release (Arnold, Dobbie, and Hull 2022) and policing (Gelman,

Fagan, and Kiss 2007; Luh, Pyle, and Reeves 2024). Using these four dimensions as inputs, the

clustering algorithm optimally identifies five distinct groups of troopers.

Figure 7 plots the lower triangular matrix of these joint distributions. Each subgraph plots a

two-way marginal distribution along with troopers grouped according their resulting classification.

Starting with the upper left subgraph, it is unsurprising that troopers who are more likely to have

only observed enforcement activity also produce greater volumes of violations, as indicated by the

positive correlation between the two measures. However, holding fixed one value, there is still

substantial variation in the other dimension. This pattern of heterogeneity persists across other

outcomes as well. Moreover, consistent with relative, rather than absolute performance playing a

role in determining trooper enforcement responses, there is sizable variation in all three collision

response measures, conditional on a given level of per-shift enforcement. Put differently, it is not

the case that absolutely low-performing troopers always have positive enforcement responses or

57See Appendix E for additional details. Beyond just used for classifying data into groups, k-means clustering has
also been used as a dimensionality-reduction device in high-dimensional fixed effect models (Bonhomme, Lamadon,
and Manresa 2019). In other applications with agent heterogeneity, Kim, Sudhir, and Uetake (2022) use a structural
model to identify two latent types of loan officers who differ in their ability to acquire and collect on microfinance
loans.

58Following Angelova, Dobbie, and Yang (2023) I truncate a small handful of observations which have implied neg-
ative γi coefficients, replacing their estimates with the minimum positive value. Specifications with higher dimensional
or alternatively specified fixed effects yield similar results.
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disparities and vice versa.

I summarize these group-level outcomes in Panel B, where I take the cross-trooper average

within each cluster. Across these groups there are clear differences in average trooper behavior.

The dark gray diamonds correspond to the set of troopers who exhibit little cross-task effort

distortions and produce effectively zero enforcement disparities, in addition to being among the

most productive troopers on a per-shift basis. In contrast, troopers belonging to the light gray x’s

group are very sensitive to balancing effort across responsibilities, and as a result, predominately

focus on enforcement, implying they are more likely to delay non-contracted obligations. Finally,

troopers in the medium blue triangles generate large enforcement disparities. Jointly, there may

therefore be both efficiency (in the sense of increased enforcement to generate deterrence) and

equity gains to assigning these high-performing troopers to high-risk, high-collision areas and better

optimizing the match of trooper heterogeneity with location demands. I explore the potential of

this alternative and other counterfactual policies below.

5.2 Trooper-Specific Posterior Estimates

Rather than reducing variance through dimensionality reduction, an alternative approach is to em-

ploy shrinkage estimators to recover biased, but lower variance estimates of trooper-specific effects.

Conventional solutions to this noisy estimates problem use Empirical Bayes tools to shrink trooper-

specific estimates towards the average under an auxiliary assumption that the prior distribution of

trooper effects is normally distributed (e.g., Morris 1983).59 However, it is easy to imagine scenarios

where the prior distribution is in fact not normally distributed, leading to shrunken estimates that

no longer correspond to posterior means.60

I relax this normality assumption by flexibly estimating the prior distribution using the decon-

volution approach of Efron (2016). Following Kline, Rose, and Walters (2022), I assume that the

prior distribution belongs to an exponential family and estimate this distribution using a fifth-order

spline and penalized maximum likelihood, calibrated so that the mean and variance of the esti-

mated prior distribution match the sample mean and finite-sample bias-corrected variance above.

This approach relies on an inherent assumption that the observed trooper effects are independent

of their standard errors. Appendix Table A6 tests whether this assumption is plausible and finds

little evidence that it is consistently violated.

Appendix Figure A24 presents the empirical distribution, deconvolved prior, and posterior

mean estimates of trooper-specific responses across a battery of measures. Across many of the

outcomes, the prior distribution takes the form of a slightly skewed normal distribution. More

important however, is that there is still substantial heterogeneity across trooper posterior responses,

59I shrink the estimates toward the overall cross-trooper mean. An alternative approach is to shrink trooper
estimates toward the location-specific mean. This is an alternative modeling assumption, though I note that the
overall mean is reasonable here since troopers experience responses across multiple locations and the responses
themselves are quasi-experimental estimates which include location fixed effects, which account for time-invariant
mean differences between areas.

60For prior work in economics which uses an assumption of a normally distributed prior, see Kane and Staiger
(2008) and Abaluck et al. (2021).
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whether measured by aggregate enforcement, non-enforcement actions, or enforcement disparities,

consistent with the bias-corrected variance estimates in Appendix Table A5.

The vast majority of troopers have negative enforcement responses, consistent with multitask-

ing responsibilities, although there are a handful of (perhaps highly risk-averse) troopers who are

very highly responsive and even increase enforcement relative to their untreated counterfactual,

as also highlighted in the clustering exercise above. Moreover, more than half of troopers have

enforcement responses that disparately affect minority motorists. However, this relative symmetry

of the trooper distribution stands in stark contrast to the sharp differences documented in prior

empirical exercises. Taken together, these results support a mechanism where the incentive struc-

ture of missing or being behind target induces or exacerbates disparities in enforcement behavior,

rather than solely being explained by a handful of “bad apple” officers (Goncalves and Mello 2021).

The residual variation in responsiveness across troopers is then both a function of how salient the

target is and how troopers respond to that state.61

6 Examining Alternative Personnel Policies

There is substantial heterogeneity across troopers, both in their overall traffic enforcement pro-

duction and how they trade off effort across competing responsibilities, some of whom generate

negative externalities. Alternative personnel policies to mitigate these undesired outcomes could

target either this heterogeneity or location-specific demands through manipulating the enforcement

target. In this section, I develop a method to optimally match the population of heterogeneous

troopers to the varying demands across locations and benchmark the gains from this policy against

alternatives which hold the existing match of troopers and locations fixed.

6.1 Matching Trooper Heterogeneity to Location Demands

Eliminating the targets or instituting a “first-best” policy of assigning individually optimal, non-

distortionary targets to each trooper is infeasible without placing additional structure on trooper

behavior in addition to being practically difficult due to union bargaining agreements. As a “second-

best” alternative, a social planner may wish to reassign troopers across locations in a way that

minimizes the distortion of effort between enforcement and non-enforcement actions. Alternatively

stated, taking the policy environment as given, this solution attempts to harmonize the task-specific

performance of the workforce with locations that place different degrees of emphasis on each task.

From a theoretical standpoint, this optimal matching approach is a feasible implementation of the

optimal task grouping and specialization result from Holmström and Milgrom (1991) and offers an

alternative method to mitigating the welfare losses from incomplete contracts in multitask principal-

agent settings. For example, assigning troopers with high levels of per-shift enforcement to locations

with high enforcement targets may be desirable because it’s easier for these troopers to reach the

61Appendix Figure A25 presents similar distributions for estimates of regression-adjusted trooper per-shift en-
forcement activity. I constrain the support of the prior distribution to be non-negative (Kline, Rose, and Walters
2022), which is motivated by natural restrictions on the support of the potential values of the outcome.
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enforcement goals. Similarly, troopers who generate particularly large negative externalities may be

best placed in areas with low traffic volumes and few collisions or low targets. Such reassignments

are also attractive as it would ensure that high enforcement-producing troopers are placed in areas

in need of high enforcement levels, maximizing potential deterrence effects.

I first assess whether the observed match of troopers and locations could be improved through

reassignment. In Panel A of Figure 8 I plot the observed flow of trooper typologies to location

typologies, identified using a similar k-means clustering approach.62 There are notable areas of

potential improvement. Nearly half of “high-disparity” troopers work in either high minority share

or high target locations. Similarly, the vast majority of “high-enforcement” troopers work in

locations where the demands are relatively balanced or there is a high volume of non-enforcement

demands. Thus, there may be gains to improving the matches between typologies, such as assigning

high-enforcement troopers to areas with high targets.

The empirical challenge is how to determine the optimal match of troopers to locations, ac-

counting for the rich heterogeneity across troopers and locations, while simultaneously respecting

the location-specific capacity constraints. I cast this problem through the lens of optimal transport

theory, a mathematical subfield which has a rich history in economics and whose primal problem

has a deep connection with a social planner’s optimal allocation problem.63 To simplify the expo-

sition, I present an intuitive overview of the social planner’s problem in the main text and provide

a discussion of the underlying implementation in Appendix E.

Consider a social planner (the Patrol) who wants to optimally allocate a set of troopers to a

set of locations. Let X denote trooper characteristics and Z denote location characteristics. The

social planner’s problem is to choose an optimal match of troopers and locations π∗ which solves

the following problem

max
π∈Π

Eπ[Φ(X,Z)] (10)

where Φ(X,Z) denotes the payoff from matching a trooper of characteristics X with a location

of characteristics Z.64 Solving for π∗ yields the optimal match between troopers and locations,

given the focal characteristics X and Z, where optimal is in the welfare-maximizing sense. For

example, if troopers are solely characterized by their per-shift violation volume and locations are

62The location groupings are constructed for illustrative purposes. In the counterfactual exercises below I use
the underlying location means as these are directly observed in the data and not subject to the same degree of
estimation error as the quasi-experimental trooper estimates. Using the means has the added benefit of harmonizing
the mechanics of the counterfactual exercises across permutations below. Appendix Figure A26 plots the same lower
triangular matrix and mean cluster outcomes as Figure 7 using information for locations. For simplicity, I use location
characteristics in 2016 and drop a small handful of specialized assignments.

63In fact, many classic results in economics are disguised optimal transport problems or implicitly use results from
this literature, including optimal matching in marriage markets with transferable utility (Becker 1973), identification
in models with nonadditive functions (Matzkin 2003), and the changes-in-changes estimator (Athey and Imbens
2006; Gunsilius, Rigollet, and Torous 2021). See Galichon (2016) for an overview of optimal transport applications
in economics and Villani (2009) for a comprehensive overview.

64In computer science, this problem is often written as a cost-minimization problem. That is, minimize the cost
of transforming the source distribution into the destination distribution. This alternative method of setting up the
problem has a natural interpretation from the lens of the principal-agent model in Section 2.3 - minimizing the cost
disparity of enforcement specialization.
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solely characterized by their targets, an optimal matching matrix would assign the most productive

troopers to locations with the highest targets.65 After identifying the optimal matching matrix

given the focal characteristics, the remaining empirical challenge is to predict the counterfactual

change in outcomes of moving trooper i from assignment j to j∗ - that is, quantifying the change

of moving from π̂ij (the observed empirical match) to π∗ij (the optimal match).

I employ a data-driven approach to quantifying such changes, using information from other

troopers in the counterfactual match to predict responses of the reassigned trooper. Consider a

response θij∗(y) of trooper i reassigned to j∗. Moving trooper i from j to j∗ has three effects. First,

holding fixed the target Ej and trooper violation production Yi, there is a level difference in the

responses across locations. This level difference may reflect differences in the motorist populations,

enforcement opportunities and road patterns, or relationships with local Patrol leadership. Second,

moving a trooper across locations induces a change in the relative saliency of the enforcement target

(Ej∗ − Ej), holding fixed their enforcement volume. Put differently, if Ej∗ > Ej , then the target

saliency is heightened for the reassigned trooper. This component is a movement along the Yi−Ej
gradient of trooper responses within the new location, j∗. The gradient and level difference above

are identified from the observed behavior of the existing troopers in location j∗. Finally, given the

transfer event-study results from Section 3, there are first-order asymmetric effects from increasing

or decreasing the target on trooper violation volume, which influence the value of Yi under the new

assignment.

Formally, I model the within-location gradient across troopers using linear regression.66 Specif-

ically, I regress the observed outcomes of troopers in location j∗ on their relative performance Yi−Ej
and use both the constant and slope coefficient from this regression to predict the response of a

trooper who is reassigned from j to j∗. Intuitively this method has a connection to a classic

Oaxaca-Blinder decomposition, where there are both level and slope differences in the responses

across locations. Appendix Figure E2 provides a visual illustration of this intuition and I provide

additional details in Appendix E.

Table 2 presents the results of this counterfactual reassignment exercise using modally observed

assignments from 2016. I characterize troopers using their regression-adjusted per-shift enforcement

volume from Equation (9), their θi estimates for violations and the probability of having only

observed enforcement activity, which capture both an intensive and extensive margin response, and

the θi estimate of enforcement disparities. For locations, I similarly characterize them using their

enforcement targets and per-shift demands of collisions, calls for service, and local population racial

composition. I use these sets of inputs to define the payoff from matching trooper i with location

j, respectively, the performance of the trooper with the demands of the location.

I begin by studying the potential gains from optimally matching troopers to locations when

65More generally, when the source and destination distributions are unidimensional, as is common in applied work,
π∗ can be solved in closed form as positive assortative matching (i.e., the sorting algorithm). In richer settings, solving
for the optimal sparse matrix is possible using standard linear programming techniques.

66While more flexible functional forms such as local linear regression are possible, extrapolating outside of the
observed support can quickly lead to unstable predictions.
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quantifying troopers based on their clustered typologies, illustrating the resulting optimal match

in Panel B of Figure 8. The figure highlights a number of changes to the match of troopers

and locations, with high-enforcement troopers being assigned to high target locations and low-

disparity troopers replacing high-disparity troopers in high minority share locations, among other

such potential improvements.

I quantify the gains from this reassignment in Column 2. Consistent with the visual improve-

ments in the sankey diagram, there are noticeable gains in observed outcomes, including reduced

response disparities and greater ex-ante enforcement, which lowers collision volume, in expectation.

This policy does come with a drawback of a mild increase in the probability of only conducting

enforcement activity, which may further delay collision report filing, an undesired outcome. While

using the clustered typologies avoids introducing bias, it may reduce the efficacy of the reassignment

as troopers cannot be precisely matched due to the discretization. Accepting a small degree of bias

in exchange for quantifying trooper-specific estimates with EB tools may be useful for improving

the match between troopers and locations. Indeed, in Column 3 I find that there are measurable

gains to permitting this bias, including a reduced emphasis on only conducting enforcement, and

further improving on the outcomes over the cluster-based match.

The previous two exercises consider “global” reassignments, where the social planner is un-

restricted in their ability to match troopers and locations across the state. While the Patrol

ultimately reserves the ability to move troopers around as needed, such counterfactual policies

place little weight on trooper location preferences, as troopers are required to live near their beats.

Ignoring trooper location preferences implies that some troopers could be counterfactually required

to move across the entire state, which may be undesirable from a trooper retention standpoint. In

Column 4, I instead consider reassignments within each of the eight districts, implicitly incorpo-

rating trooper location preferences through their observed postings. While some of the gains are

mitigated relative to the unconstrained reassignment, I continue to find benefits across the entire

suite of outcomes.

I benchmark these results against two alternative personnel policies which instead alter location-

specific targets, holding the observed match of troopers and locations fixed. Specifically, I exam-

ine the effect of uniformly raising or lowering the enforcement target. Consistent with increased

saliency, uniformly raising the target heightens the degree to which troopers focus on solely enforce-

ment activity, in addition to exacerbating observed response disparities (Column 5). However, this

policy also increases ex-ante enforcement and subsequently lowers collision volume, highlighting

the tension between these competing objectives. In contrast, lowering the target has exactly the

opposite effects, reducing enforcement disparities and the cross-task distortion of effort, but raising

collision volume through lower ex-ante deterrence (Column 6). However, neither of these policies

achieves the full suite of outcome improvements as do the optimal reassignment approaches. Taken

together, these results provide evidence that improving the match between trooper performance and

location-specific task demands can be a fruitful approach to mitigating the welfare losses associated

with incomplete contracts in multitask environments, a policy solution which may be applicable in
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many settings beyond the criminal justice system.

7 Discussion and Conclusion

Firms and organizations across the economy face fundamental agency issues throughout their day-

to-day operations. When agents are multitaskers, designing an incentive scheme which appro-

priately encourages monitored effort while not undermining incentives for non-monitored effort on

competing responsibilities is practically challenging. In this paper, I study the efficacy and efficiency

implications of misaligned incentives in the high-stakes setting of policing and public safety. Even

though their performance is evaluated across a broad range of objective and subjective criteria,

I illustrate how troopers in my setting are strongly differentially responsive to salient, quantifi-

able expectations over a subset of their responsibilities, indicating a degree of misalignment in the

existing incentive scheme.

Guided by a parsimonious principal-agent model, I derive sharp predictions about how the

tightness and saliency of a traffic enforcement target distorts trooper behavior and devise empirical

tests concerning the nature of effort and the substitution across competing tasks. These predictions

are consistently borne out in the data. I show that target-constrained troopers devote greater effort

to traffic enforcement responsibilities and substitute away from non-enforcement effort. However,

this efficacy gain with respect to enforcement volume does not come for free. Constrained troopers

also enforce minor violations, generate racial inequities in their compensating enforcement patterns,

and delay completion of non-enforcement responsibilities. I also find suggestive evidence that this

compensating enforcement is of lower quality and more likely to lead to charges which are dismissed

or were not committed.

Using a variance decomposition exercise, I highlight the critical role that trooper heterogeneity

plays in governing these observed response patterns, with some troopers generating larger socially

negative outcomes even though other similarly constrained troopers do not respond so adversely. I

leverage this rich heterogeneity to develop a tractable approach for conducting partial equilibrium

counterfactual simulations based on optimally matching troopers and locations in a manner that

closely aligns with a social planner’s welfare maximization objective function. Compared to alter-

native policies which simply manipulate the saliency of the enforcement target, optimally matching

troopers across locations can both reduce the degree of cross-task effort distortion and production

of racial enforcement disparities in addition to reducing equilibrium collision volume, the primary

goal of the Patrol. These exercises illustrate how better matching the abilities of the workforce

to heterogeneous task demands is a feasible solution to reducing the welfare losses associated with

incomplete contracts in multitask environments.

My findings highlight the real-world challenges in optimally designing incentives schemes and

job responsibilities for multitasking agents, along with the consequences for social welfare when the

incentive schemes are suboptimal. In the context of the criminal justice system, my results suggest

that one approach to improving the function of the justice system may be through targeting the

incentives of judicial agents. Increasingly, firms and agencies across the economy are deploying
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granular data analytics to optimize employee performance through targeted incentive schemes.

However, the use of these tools invokes a delicate tradeoff between leveraging narrow, high-powered

incentives which maximize productivity against the potential for reduced effort on less-emphasized

tasks. Moving forward, correctly balancing these competing objectives will play a crucial role in

maximizing social welfare across many consequential settings beyond criminal justice, including

medicine, education, and government.
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Figure 1: Changes in Enforcement Targets Influence Trooper Enforcement Volume

Panel A: Dynamic Response Around Transfer Panel B: Cross-Sectional Correlation
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Notes: This figure reports estimates of changes in enforcement targets on trooper per-shift enforcement volume. Panel
A reports the event-study estimates around the time of a transfer across locations with varying targets. Each point
represents a coefficient of the interaction of event-time and a linear target change measure. Estimates are normalized
to the month before the transfer. Regression also controls for trooper, month, year, and location origin and destination
fixed effects. The reported average is the average of event-time coefficients 0 to 4. 95 percent confidence interval
indicated by the shaded region based on standard errors clustered at the trooper level. Panel B reports the long-run
cross-sectional correlation between changes in location targets and changes in per-shift enforcement. The dashed line
is the 45 degree line and the solid line is the line of best fit.
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Figure 2: Trooper Enforcement Responses to Missing Target

Panel A: Meet Target
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Notes: This figure reports regression discontinuity estimates of trooper enforcement effort. Panel A reports a regres-
sion discontinuity figure of the probability of meeting the enforcement target in time t as a function of the relative
performance in time t − 1. Navy circles indicate a miss in t − 1, hollow orange diamonds indicate troopers on the
margin of a potential second consecutive miss. Outcomes are residualized on location-by-month and location-by-year
fixed effects. Panels B and C report regression discontinuity point estimates for changes in measured enforcement
activity and disparities in per-stop stringencies. Navy circles indicate per-shift averages and red diamonds indicate
per-stop averages. Regressions in Panels B and C control for location-by-month and location-by-year fixed effects.
Lighter and darker shaded regions represent 95 and 90 percent confidence intervals with standard errors clustered at
the trooper level.
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Figure 3: Measuring Trooper Completion of Non-Enforcement Responsibilities

Panel A: Return to Non-Collision Effort Panel B: Report Completion
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Notes: This figure reports measures of trooper effort substitution across enforcement and non-enforcement respon-
sibilities, as measured using collision responses. Panel A reports regression discontinuity estimates. Each point
represents a coefficient from a separate regression, comparing troopers who marginally missed (constrained) versus
marginally made (unconstrained) the prior month’s target. Regressions are weighted using a triangular kernel and
control for location-month, location-year, trooper, hour of day, hour of shift, and district-date fixed effects. Verti-
cal shaded regions denote 95 and 90 percent confidence intervals based on standard errors clustered at the trooper
level. Panel B reports mean differences in constrained and unconstrained report-writing behavior using a sample of
collision reports. Bars report the constrained-unconstrained difference, controlling for location-month, location-year,
trooper, hour of day, hour of shift, and district-date fixed effects. DUI/Felony reports control only for county-month,
county-year, and hour of day fixed effects. Standard errors clustered at the trooper level are reported in parentheses.
*** = significant at 1 percent level, ** = significant at 5 percent level, * = significant at 10 percent level.
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Figure 4: Bounds on Change in Welfare from Delayed Collision Report

Panel A: Deter Minor Collision Panel B: Deter Moderate Collision
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Notes: This figure reports bounds on the net benefit of a delayed collision report under various assumptions. In each
panel, the x-axis is the number of hours of additional enforcement and the y-axis is the value of additional enforcement
less the change in net present value from the delayed settlement. Darker blue regions assume the settlement is for a
“minor” [$1,090, $15,000] collision and lighter blue regions assume the collision is for a “moderate” [$15,850, $43,063]
collision. Panel A assumes the value of the deterred collision is “minor” and Panel B assumes the value of the deterred
collision is “moderate.” See Appendix D for additional details.
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Figure 5: The Evolution of Trooper Multitasking Responses Over Course of the Month

Panel A: Violations Panel B: Pr(Only Enforcement)
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Notes: This figure reports day-by-day estimates of trooper multitasking collision responses based on how many days
are left in the month. Each point represents the hourly activity difference-in-differences estimate for events which
occurred with the number of days left in the month listed on the x-axis, combined with estimates from nearby days
using an Epanechnikov kernel. The navy dots represent estimates for constrained troopers, the red diamonds represent
estimates for unconstrained troopers, and the light blue hollow triangles represent estimates for highly unconstrained
troopers, or troopers who are far above the discontinuity. Panel A reports results for total violations, Panel B reports
results for only having enforcement activity, Panel C reports results for having no enforcement activity, and Panel
D reports results for the minority-white enforcement disparity. The reported slope coefficients are the cross-day
gradient, rescaled so that the coefficient estimate represents the effect of going from 30 days to 0 days remaining. See
Appendix C for additional details on the estimation strategy. Heteroskedastic-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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Figure 6: Trooper Effects Explain More Variation in Responses than Location Effects
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Notes: This figure reports the ratio of the variance of trooper effects and the variance of location effects in determining
the distribution of multitasking collision responses. Trooper and location effects are estimated using Equation (7)
after partialling out hour of event indicators in a first-step. Unbiased estimates of the effect variances are calculated
following the procedure in Kline, Saggio, and Sølvsten (2020). Values greater than one indicate the trooper effects
explain a relatively greater share of the variance in the outcome compared to location effects. The outcome and
outcome category are listed on the x-axis. The first three bars measure the relative contribution of trooper effects
to enforcement activity. The second set of bars measure trooper effort substitution across enforcement and non-
enforcement tasks. The third set of bars measure the relative contribution of trooper effects to enforcement disparities.
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Figure 7: Identifying Trooper Typologies Using k-means Clustering

Panel A: Matrix of Trooper Means and Identified Clusters
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Notes: This figure reports the joint distribution of trooper-specific mean estimates of multitasking collision responses
and regression-adjusted per-shift mean enforcement. Multitasking collision responses are measured as the average
hourly activity difference, estimated using the approach described in Appendix C. Panel A reports a lower triangular
matrix of two-way marginal distributions of the listed outcomes from the broader four-dimensional underlying dis-
tribution. Points are classified into specific clusters using a k-means classification algorithm. For exposition, visual
outcomes exclude outcomes outside the 1th and 99th percentiles, though all data is used in the clustering stage. See
Appendix E for additional details. Panel B reports the within-cluster means across the four input outcomes.
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Table 1: Descriptive Statistics

All RD
Troopers Sample

Panel A: Trooper Characteristics (1) (2)
Male 0.92 0.92
White 0.88 0.88
Black 0.03 0.03
Hispanic 0.05 0.05
Asian/Pacific Islander or 0.04 0.04
Native American/Alaskan Native

Panel B: Average Per-Shift Enforcement
Violations 9.11 8.53
Moving Violations 5.99 5.67
Non-Moving Violations 3.12 2.87
Violations (White Motorists) 6.88 6.46
Violations (Minority Motorists) 2.21 2.05
Searches 0.14 0.14
Calls for Service 1.68 1.72
Self-Initiated Physical Assist 0.87 0.87
Any Collision Response 0.29 0.30

Number of Trooper-Shifts 713,200 202,857

Notes: This table reports descriptive statistics. Panel A reports means at the trooper-level and Panel B reports
means at the trooper-shift level. Violations by motorist race/ethnicity exclude a small handful of violations with
missing motorist race. Column 1 reports means across all troopers and Column 2 reports means for troopers in the
RD sample as described in Sections 3 and 4.
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Appendix A: Additional Results

Appendix Figure A1: Map of Washington State Patrol Districts

Washington	State	Patrol
District	1
District	2
District	3
District	4
District	5
District	6
District	7
District	8

Washington	State	Patrol
District	1
District	2
District	3
District	4
District	5
District	6
District	7
District	8

Notes: This figure reports the spatial distribution of districts in the Washington State Patrol. Black outlines denote
counties.
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Appendix Figure A2: Alternative Specifications of Transfers Event Study

Avg. (Main): 0.519*** (0.076)
Avg. (Month x Year): 0.524*** (0.076)
Avg. (Assign. x Year): 0.554*** (0.093)
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Notes: This figure reports estimates of changes in enforcement targets on trooper per-shift enforcement volume under
alternative specifications. Each point represents a coefficient of the interaction of event-time and a linear target change
measure. The navy dots report the estimate from the main text which controls for trooper, origin, destination, month,
and year fixed effects. The light blue diamonds replace month and year fixed effects with month-by-year fixed effects
and the gray triangles replace the origin, destination, and year fixed effects from the base specification with origin x
year and destination x year fixed effects. Estimates are normalized to the month before the transfer. The reported
average is the average of event-time coefficients 0 to 4. 95 percent confidence intervals indicated by the shaded regions
based on standard errors clustered at the trooper level.
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Appendix Figure A3: Asymmetries in Transferring Trooper Enforcement Responses

Panel A: Higher Target Panel B: Lower Target

Post Average: 0.788*** (0.125)
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Notes: This figure reports estimates of changes in enforcement targets on trooper per-shift enforcement volume.
Panel A reports the event-study estimates around the time of a transfer across locations with transfers to units with
higher targets and Panel B reports similar event-study estimates for transfers to units with lower targets. Each point
represents a coefficient of the interaction of event-time and a linear target change measure. Estimates are normalized
to the month before the transfer. Regression also controls for trooper, month, year, and location origin and destination
fixed effects. The reported average is the average of event-time coefficients 0 to 4. 95 percent confidence interval
indicated by the shaded region based on standard errors clustered at the trooper level.
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Appendix Figure A4: Mean Per-Shift Enforcement for Movers by Origin and Destination Target
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Notes: This figure reports average per-shift enforcement around the months of a location transfer. Each point and
line represents the average per-shift enforcement of troopers who transferred from (j) and to (j′) a location with
the listed target. The set of cutoffs {7.5, 8.15, 9, 10+} roughly corresponds to quartiles of the enforcement target
distribution. Dashed lines denote transfers within the same general bin, solid lines denote transfers where the target
increased, and dotted lines denote transfers where an target decreased. Data are residualized on month and year
fixed effects.
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Appendix Figure A5: Testing Experimental Validity of Performance Regression Discontinuity
Design

Panel A: Density Test Panel B: Baseline Characteristics
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Notes: This figure reports tests of the experimental validity of the regression discontinuity design. Panel A reports
the distributional density of the running variable. Local linear estimates, confidence bands, and p-value computed
following Cattaneo, Jansson, and Ma (2018; 2020). Panel B reports regression discontinuity estimates using the
listed characteristic as the outcome. Dots denote estimates that use variation across troopers and diamonds denote
estimates that use within-trooper variation. All estimates are re-scaled to represent percent effects relative to the
outcome mean. All regressions control for location-by-month- and location-by-year fixed effects and are weighted
using a triangular kernel. Lighter and darker shaded regions represent 95 and 90 percent confidence intervals, with
standard errors clustered at the trooper level.

57



Appendix Figure A6: Placebo Estimates of Trooper Responses to Missing Enforcement Targets

Panel A: Lower Cutoff Panel B: Higher Cutoff

Estimate: -0.002 (0.017)
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Notes: This figure reports placebo regression discontinuity estimates of the probability of meeting the enforcement
target. Each panel uses a different placebo cutoff and estimates the probability of meeting the target using this
alternative placebo cutoff. All regressions control for location-by-month and location-by-year fixed effects and are
weighted using a triangular kernel. Points represent residualized means that residualize out the fixed effects and an
aggregate linear trend. Linear lines of best fit denoted by solid lines. Standard errors clustered at the trooper 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 Figure A7: Within-Trooper and Time of Year Enforcement Responses to Missing Target

Panel A: Within-Trooper Panel B: By Time of Year

Estimate: 0.039** (0.019)
Estimate (2nd Miss): 0.058** (0.027)
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Notes: This figure reports regression discontinuity estimates of the probability of meeting the enforcement target. The
x-axis is the prior month’s relative performance. Panel A reports estimates which leverage within-trooper variation.
Navy dots report within-bin means for a first miss and orange diamonds report within-bin means for troopers on
the margin of a potential second consecutive miss. Bin means are residualized on location-month and location-year
fixed effects, as well as an aggregate trend. Lines represent lines of best fit. Panel B reports cross-trooper estimates
for months with higher and lower daily enforcement volume, on average. Formal point estimates are reported in
the upper left part of the figure. Standard errors clustered at the trooper 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 Figure A8: Alternative Specifications of Regression Discontinuity Design
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Notes: This figure reports robustness checks of the regression discontinuity design to alternative specifications. Each
point represents an alternative specification, indicated in the legend. The outcome is listed on the y-axis. All
regressions include location-month and location-year fixed effects. Lighter and darker shaded regions indicate 95 and
90 percent confidence intervals based on standard errors clustered at the trooper level.
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Appendix Figure A9: Correlation Between Minority and Poverty Share in United States and
Washington State
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Notes: This figure reports a binscatter of the correlation between the minority (all subpopulations but white, non-
Hispanic) share of the population and the share of the population in poverty. Navy circles represent means for
Washington State and gray diamonds represent means for the rest of the United States. The solid and dashed lines
represent linear lines of best fit and are estimated on the underlying, non-binned data.
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Appendix Figure A10: Motorist Risk Distributions Across Age Profile by Race/Ethnicity

Panel A: Aggregated Race/Ethnicity Panel B: Detailed Race/Ethnicity
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Notes: This figure plots smoothed annual collision rates over the age profile by motorist race and ethnicity. The
sample includes collisions which were responded to by a Washington State Patrol trooper. Annual rates are smoothed
using a local linear regression. Panel A reports collision rates for white and minority motorists. Panel B decomposes
the collision rates for minority motorists into the component parts.
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Appendix Figure A11: Comparing Motorist Risk Distributions Across Gender-Age Profile for
State Patrol and Statewide Collisions

Panel A: Male Motorists Panel B: Female Motorists
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Notes: This figure plots the fraction of annual collisions across the age profile by motorist gender and data source.
Collision fractions by age are smoothed using a local linear regression. The solid line represents the annual collision
rate using data from the Washington State Department of Transportation, which includes all responding agencies.
The dashed line represents the annual collision rate using data from the Washington State Patrol. Panel A reports
collision rates for male motorists and Panel B reports collision rates for female motorists.
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Appendix Figure A12: Stringency by Segment of Risk Distribution
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Notes: This figure reports regression discontinuity estimates of differential stringency for different outcomes and
segments of the risk distribution. Risk is calculated by predicting population collision rates using race by gender
fixed effects and a quadratic in age. Low-risk motorists are defined as the bottom four quintiles and high-risk motorists
are defined as the top quintile. Each coefficient represents the minority-white gap for that particular outcome, among
that risk cell. Navy circles report estimates for low-risk motorists and red diamonds report estimates for high-risk
motorists. All regressions are weighted using a triangular kernel and include location-month location-year fixed
effects. Lighter and darker shaded regions indicate 95 and 90 percent confidence intervals based on standard errors
clustered at the trooper level.
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Appendix Figure A13: Trooper Search Responses to Missing Target
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Notes: This figure reports regression discontinuity estimates of trooper average per-shift search behavior. Each
coefficient is the effect of missing the enforcement target in the previous evaluation period. Navy dots report estimates
for white motorists and red diamonds report outcomes for minority motorists. The first outcome is the search rate on
a per-stop basis, the second outcome is the “hit rate”, and the last two outcomes are the number of violations during
failed or successful searches on a per search basis. Denominators are race-specific. All regressions are weighted using
a triangular kernel and include location-month and location-year fixed effects. Lighter and darker shaded regions
indicate 95 and 90 percent confidence intervals based on standard errors clustered at the trooper level.
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Appendix Figure A14: Correlations of Court Outcomes for Traffic Infractions and County
Demographics

Panel A: Share Cases with Hearing Panel B: Share Cases Contested
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Notes: This figure reports the correlation between caseload outcomes for traffic violations and county-level char-
acteristics. Each panel lists the variable on the y-axis and is measured using 2010-2018 caseload reports from the
Washington State Administrative Office of the Courts. County share in poverty is measured using the 2014-2018
American Community Survey from Manson et al. (2023).
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Appendix Figure A15: Robustness Checks of Trooper Completion of Non-Enforcement
Responsibilities
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Notes: This figure presents robustness checks for measuring trooper effort substitution across enforcement and non-
enforcement responsibilities, as measured using collision responses. Each point estimate represents a separate regres-
sion. All regressions include trooper, location-month, location-year, district-date, hour of shift, and hour of day fixed
effects. Specification permutations are listed. Lighter and darker shaded regions correspond to 95 and 90 percent
confidence intervals based on standard errors clustered at the trooper level.
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Appendix Figure A16: Trooper Enforcement Activity Changes Following Collision Response

Panel A: Changes in Enforcement Activity Panel B: Effort Substitution
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Notes: This figure reports estimates of changes in enforcement behavior troopers following an assigned collision
response. All outcomes have been normalized to the hourly level over the remainder of the focal shift. Regression
discontinuity estimates control for location-month, location-year, trooper, district-date, hour of day, and hour of shift
fixed effects. Panel A reports changes in enforcement activity, Panel B reports estimates of the substitution between
enforcement and non-enforcement responsibilities, and Panel C reports estimates of enforcement disparities after
adjusting for differences in population size. Lighter and darker shaded regions represent 95 and 90 percent confidence
intervals.
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Appendix Figure A17: Pre-Collision Response Balance in Enforcement and Non-Enforcement
Activity
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Notes: This figure presents regression discontinuity estimates of constrained and unconstrained troopers on pre-
collision response hourly enforcement and non-enforcement activity. Each point estimate represents a separate re-
gression. All regressions include trooper, location-month, location-year, district-date, hour of day, and hour of shift
fixed effects and are weighted using a triangular kernel. Lighter and darker shaded regions correspond to 95 and 90
percent confidence intervals based on standard errors clustered at the trooper level.
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Appendix Figure A18: Alternative Specifications of Collision Regression Discontinuity Design

Panel A: Changes in Enforcement Activity Panel B: Effort Substitution
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Panel C: Changes in Enforcement Disparities
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Notes: This figure reports robustness checks of the regression discontinuity design investigating changes to enforcement
composition post collision response to alternative specifications. Each point represents an alternative specification,
indicated in the legend, with the magnitude of the estimate representing the hourly effect. The outcome is listed
on the y-axis. All regressions include trooper, location-month, location-year, district-date, hour of day, and hour of
shift fixed effects, unless otherwise stated. Lighter and darker shaded regions indicate 95 and 90 percent confidence
intervals based on standard errors clustered at the trooper level.
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Appendix Figure A19: Bounds on Change in Welfare from Delayed Collision Report for Severe
Collision Settlements

Panel A: Deter Minor Collision Panel B: Deter Moderate Collision
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Notes: This figure reports bounds on the net benefit of a delayed collision report under various assumptions. In
each panel, the x-axis is the number of hours of additional enforcement and the y-axis is the value of additional
enforcement less the change in net present value from the delayed settlement. The gray region assumes the delayed
settlement is for a “severe” [$489,000, $2.7 million] collision. Panel A assumes the value of the deterred collision
is “minor” and Panel B assumes the value of the deterred collision is “moderate.” See Appendix D for additional
details.
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Appendix Figure A20: Additional Trooper Multitasking Responses Over Course of Month

Panel A: Moving Violations Panel B: Non-Moving Violations
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Panel D: Moving Violation Disparity Panel E: Non-Moving Violation Disparity

SlopeCons.: -0.016*** (0.001)
SlopeUncons.: 0.048*** (0.004)
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Notes: This figure reports day-by-day estimates of trooper multitasking collision responses based on how many days
are left in the month. Each point represents the hourly activity difference-in-differences estimate for events which
occurred with the number of days left in the month listed on the x-axis, combined with estimates from nearby days
using an Epanechnikov kernel. The blue dots represent estimates for constrained troopers, the red diamonds represent
estimates for unconstrained troopers, and the light blue hollow triangles represent estimates for highly unconstrained
troopers, or troopers who are far above the discontinuity. Panels A and B report results for moving and non-moving
violations, Panel C reports results for only having non-enforcement activity, and Panels D and E report results for
moving and non-moving violation disparities. The reported slope coefficients are the cross-day gradient, rescaled so
that the coefficient estimate represents the effect of going from 30 days to 0 days remaining. See Appendix C for
additional details on the estimation procedure. Heteroskedastic-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 A21: Trooper Effects Explain More Variation in Responses than Location
Effects - “Plug-in” Estimates
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Notes: This figure reports the ratio of the variance of trooper effects and the variance of location effects in determining
the distribution of multitasking collision responses. Trooper and location effects are estimated using Equation (7) after
partialling out hour of shift indicators in a first-step. Estimates of the effect variances are calculated as standard
empirical measures. Values greater than one indicate the trooper effects explain a relatively greater share of the
variance in the outcome compared to location effects. The outcome and outcome category are listed on the x-axis.
The first three bars measure the relative contribution of trooper effects to enforcement activity. The second set of
bars measure trooper effort substitution across enforcement and non-enforcement tasks. The third set of bars measure
the relative contribution of trooper effects to enforcement disparities.
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Appendix Figure A22: Alternative Specifications of Ratio Trooper and Location Effect Variances
Across Different Outcomes

Bias-Corrected Estimate “Plug-in” Estimate
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Notes: This figure reports the ratio of the variance of trooper effects and the variance of location effects in determining the
distribution of multitasking collision responses using various specification choices. Trooper and location effects are estimated
using Equation (7) after partialling out hour of collision response indicators in a first-step. Unbiased estimates of the effect
variances in the left-hand column are calculated following the procedure in Kline, Saggio, and Sølvsten (2020). Empirical
“plug-in” estimates are reported in the right-hand column. Panel A omits the first-step adjustment of partialling out We(h),

Panel B winsorizes multitasking collision responses at the 0.5th and 99.5th percentiles while still partialling out We(h) in a
first-step, and Panel C winsorizes responses without the first-step adjustment procedure. Values greater than one indicate the
trooper effects explain a relatively greater share of the variance in the outcome compared to location effects. The outcome and
outcome category is listed on the x-axis. The first three bars measure the relative contribution of trooper effects to enforcement
activity. The second set of bars measure trooper effort substitution across enforcement and non-enforcement tasks.The third
set of bars measure the relative contribution of trooper effects to enforcement disparities.
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Appendix Figure A23: Trooper Effects Explain More Variation in Per-Shift Enforcement than
Location Effects
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Notes: This figure reports the ratio of the variance of trooper effects and the variance of location effects in determining
the distribution of trooper-by-shift enforcement volume. Trooper and location effects are estimated using Equation
(7) after partialling out hour of collision response indicators in a first-step. Unbiased estimates of the effect variances
are calculated following the procedure in Kline, Saggio, and Sølvsten (2020). Values greater than one indicate the
trooper effects explain a relatively greater share of the variance in the outcome compared to location effects. The
outcome and outcome category is listed on the x-axis. The first three bars measure the relative contribution of trooper
effects to enforcement activity. The second set of bars measure trooper enforcement leniency, measured as the ratio of
violations per stop. The third set of bars measure the relative contribution of trooper effects to enforcement leniency
disparities, measured as the difference in ratios of violations per stop for minority and white motorists.
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Appendix Figure A25: Distributions of Empirical Bayes Posteriors, Empirical Estimates, and
Deconvolved Prior Density of Trooper Regression-Adjusted Per-Shift Enforcement

Mean: 9.1
Bias-Corrected Variance: 11.9
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Notes: This figure reports empirical estimates, deconvolved prior, and Empirical Bayes posterior mean estimates of
regression-adjusted trooper-specific per-shift enforcement. Trooper fixed effects are estimated using Equation (9).
The deconvolved prior is estimated using the approach from Efron (2016). Empirical estimates are reported in
the light blue histogram, posterior means are reported in the darker blue histogram, and the deconvolved prior is
illustrated in the black line. The support of the prior distribution is restricted to be non-negative.
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Appendix Figure A26: Identifying Location Typologies Using k-means Clustering

Panel A: Matrix of Location Means and Identified Clusters
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Notes: This figure reports the joint distribution of location-specific demands at the shift-level. Panel A reports a
lower triangular matrix of two-way marginal distributions of the listed outcomes from the broader four-dimensional
underlying distribution. Points are classified into specific clusters using a k-means classification algorithm. See
Appendix E for additional details. Panel B reports the within-cluster means across the four input outcomes.
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Appendix Table A2: Examining Composition of Post Collision Response Behavior: Enforcement
Activity, Effort Substitution, and Enforcement Disparities

Unconstrained RD
Mean Estimate

Panel A: Enforcement Activity (1) (2)
Violations 0.733 0.077∗

(0.042)
Moving Violations 0.464 0.060∗∗

(0.029)
Non-Moving Violations 0.269 0.017

(0.023)

Panel B: Effort Substitution
Pr(Only Enforcement) 0.194 0.015

(0.012)
Pr(No Enforcement) 0.703 −0.023∗

(0.014)
Pr(Only Non-Enforcement) 0.173 0.014

(0.011)

Panel C: Enforcement Disparity
Violations −0.006 0.026∗∗

(0.013)
Moving Violations 0.000 0.016∗

(0.009)
Non-Moving Violations −0.006 0.010

(0.008)
Number of Events 13,412

Notes: This table reports average hourly multitasking collision responses for the focal shift. Column 1 reports the
mean for unconstrained troopers and Column 2 reports point estimates from the regression discontinuity design. Each
point estimate comes from a separate regression. Panel A reports results for enforcement activity, Panel B reports
results for task substitution and non-enforcement activity, and Panel C reports results for enforcement disparities.
Observation counts for the RD sample reflect effective observation counts after dropping singleton observations.
Standard errors clustered at the trooper 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 A3: Correlating County-Specific Multitasking Collision Responses with Traffic
Court Caseload Outcomes

Caseload Outcomes
Share Share

Dismissed Not Committed
Panel A: Violations (1) (2)
Violations 0.123∗ 0.038∗∗

(0.067) (0.017)
Non-Moving Violations 0.017 0.086∗∗

(0.212) (0.039)

Panel B: Activity Composition
Pr(Only Enforcement) 0.348 0.169∗∗

(0.222) (0.064)

Panel C: Enforcement Disparities
Violation Disparity 0.078 −0.132∗

(0.292) (0.068)

Notes: This table reports bivariate correlations of county-level traffic court caseload outcomes on county-specific
multitasking collision responses, estimated using the difference-in-differences approach in Appendix C. Each cell
represents a separate regression with the type of response listed in each row. In Column 1 the dependent variable
is the share of charges dismissed and in Column 2 the dependent variable is the share of charges deemed “not
committed.” Outcomes are calculated as the share of charges disposed. Regressions are weighted using the number
of events which contribute to the collision response estimation. Positive values of the row-listed covariate indicate
increasing degrees of enforcement emphasis or socially suboptimal outcomes. Heteroskedasticity-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 A4: Correlating Trooper Fixed Effects with Relative Performance

Distance from Target
Panel A: Enforcement Composition (1)
Violations (×100) −0.751∗∗∗

(0.094)
Moving Violations (×100) −0.378∗∗∗

(0.063)
Non-Moving Violations (×100) −0.373∗∗∗

(0.046)

Panel B: Effort Substitution
Pr(Only Enforcement) (×100) −0.017

(0.019)
Pr(No Enforcement) (×100) 0.035

(0.022)
Pr(Only Non-Enforcement) (×100) 0.007

(0.014)

Panel C: Enforcement Disparities
Violation Disparity (×100) −0.065∗∗

(0.026)
Moving Violation Disparity (×100) −0.028

(0.017)
Non-Moving Violation Disparity (×100) −0.037∗∗

(0.014)

Notes: This table reports bivariate correlations of trooper fixed effects and relative performance at the time of the
collision response. Negative values of distance indicate a trooper is behind their target (constrained) and positive
values indicate a trooper is ahead of their target (unconstrained). Outcomes are rescaled by ×100 for readability.
Bias-corrected standard errors estimated using the approach from Kline, Saggio, and Sølvsten (2020) 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 A5: Variation Across Trooper-Specific Multitasking Collision Responses

Plug-in Bias-Corrected
Mean Variance Variance

Panel A: Enforcement Activity (1) (2) (3)
Violations −0.133 0.227 0.156
Moving Violations −0.086 0.114 0.081
Non-Moving Violations −0.047 0.068 0.047

Panel B: Effort Substitution
Pr(Only Enforcement) −0.026 0.013 0.009
Pr(No Enforcement) 0.038 0.018 0.012
Pr(Only Non-Enforcement) 0.007 0.009 0.007

Panel C: Enforcement Disparities
Violation Disparity 0.002 0.027 0.019
Moving Violation Disparity 0.001 0.012 0.008
Non-Moving Violation Disparity 0.002 0.007 0.005

Number of Troopers 892 892 892

Notes: This table reports mean and variance estimates of the cross-trooper distribution of multitasking collision
responses. Panel A reports statistics for enforcement activity, Panel B reports statistics for enforcement disparities,
and Panel C reports statistics for non-enforcement activity. This table drops a handful of troopers with only one
collision response. Column 1 reports the average cross-trooper estimate, Column 2 reports the empirical “plug-in”
variance, and Column 3 reports the bias-corrected estimate.
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Appendix Table A6: Testing Independence of Z-scores and Trooper Standard Errors

Panel A: Enforcement Activity (1)
Violations −0.331

(0.776)
Moving Violations −1.556

(1.176)
Non-Moving Violations −1.492

(1.732)

Panel B: Effort Substitution
Pr(Only Enforcement) −2.670

(3.609)
Pr(No Enforcement) −6.086∗

(3.583)
Pr(Only Non-Enforcement) −16.916∗∗∗

(5.718)

Panel C: Enforcement Disparities
Violation Disparity 1.805

(2.880)
Moving Violation Disparity 1.702

(3.383)
Non-Moving Violation Disparity −2.309

(5.018)
Number of Troopers 892

Notes: This table reports tests of independence of z-scores and trooper standard errors across a range of outcomes.
Each estimate comes from a separate regression of the z-scores on the standard errors. Panel A reports results
for enforcement activity, Panel B reports results for enforcement disparities, and Panel C reports results for non-
enforcement activity. The outcome from which the z-score and standard error originate from are listed in each row.
Heteroskedasticity-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 B: Model Appendix

In this appendix, I provide additional results and discussion on the model in Section 2.3. I also

illustrate how two alternative formulations of the model develop empirical predictions about the

type/quality of enforcement and the distribution of enforcement across motorists.

B.1 Derivation of the Agent’s Problem

In the main text, I present a compact version of the trooper’s optimization problem and associated

first-order condition. This subsection provides additional details on the derivation.

Given an arbitrary contract c ≡ (n, o, b), the trooper’s optimization problem is:

max
te,tn

U(te, tn, c) = tetnu(b)︸ ︷︷ ︸
payoff complete both tasks

+ [te(1− tn) + (1− te)tn]u(o)︸ ︷︷ ︸
payoff complete one task

(B1)

+ (1− te)(1− tn)u(n)︸ ︷︷ ︸
payoff complete neither task

− (ω(a)te + tn)︸ ︷︷ ︸
effort cost

I define the following two differences in payoffs, Λb = u(b)−u(o) and Λo = u(o)−u(n), which when

substituted into Equation (B1) yields the optimization problem in the main text:

max
te,tn

u(n) + te(Λ
o − ω(a)) + tn(Λo − 1) + tetn(Λb − Λo) (B2)

Given an interior solution, the trooper will exert te + tn = 1, with to = 0. See MacDonald and

Marx (2001) for a formal argument.

Since te = 1− tn, we can substitute this relationship into Equation (B2), yielding

max
te

u(n) + te(Λ
o − ω(a)) + (1− te)(Λo − 1) + (te − t2e)(Λb − Λo) (B3)

The corresponding first order condition is:

∂U(·)
∂te

= (Λo − ω(a))− (Λo − 1) + (1− 2te)(Λ
b − Λo) = 0 (B4)

ω(a)− 1 = (1− 2te)(Λ
b − Λo) (B5)

t∗e =
1

2

(
1 +

1− ω(a)

Λb − Λo

)
(B6)

B.2 The Patrol’s Problem

In the main text, I abstract from an explicit characterization of the Patrol’s problem for expositional

ease. This subsection provides additional on the Patrol’s maximization problem.

Recall from the main text that the Patrol receives a payoff, B, only when both enforcement

and non-enforcement tasks are completed successfully, and zero payoff otherwise. The Patrol’s
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problem is then the following:

V (te, tn, c) = tetn(B − b)− [te(1− tn) + tn(1− te)]o− (1− te)(1− tn)n (B7)

It’s straightforward to see that the Patrol would like to induce the agent to exert effort on both

tasks, since they receive a positive payoff in expectation only when the agent does so. In particular,

the Patrol would like te = tn = 1
2 , which maximizes V (·). This relationship between tasks, such

that they are complements for the principal and substitutes for the agent, is a key ingredient of

this model. Thus, the Patrol needs to design a contract or set of payoffs such that it is optimal for

the trooper to devote effort towards both enforcement and non-enforcement tasks.

B.3 Multitask Principal-Agent Model with Motorist Group-Specific Enforcement Costs

In the main text, I develop a model which illustrates the degree of substitution across enforcement

(contracted) and non-enforcement (non-contracted) tasks. In this subsection, I present an alter-

native model where the trooper divides enforcement effort between enforcement for minority and

white motorists, providing a theoretical rationale for the observed empirical disparity.

Suppose the trooper divides her time between enforcement for minority (m) and white (w)

motorists. Minority motorists have a lower cost of enforcement (ω(a) ∈ (0, 1)) due to downstream

hassle costs and probability of court contesting, which I illustrate in the main text. Alternatively,

one could imagine there are differences in vehicle quality across motorist groups, such that minor-

ity motorists are more likely to have vehicles with hidden non-moving violations. Therefore the

marginal cost of enforcement is also lower for these motorists. To formalize this, assume there’s

an arbitrary contract c ≡ (n, o, b) which generates an interior solution. The trooper’s optimization

problem is then to choose tm, tw to solve:

max
tm,tw

u(n) + tm(Λo − ω(a)) + tw(Λo − 1) + tmtw(Λb − Λo) (B8)

which yields the following first order condition, with tm = 1− tw:

∂U(·)
∂tm

= (Λo − ω(a))− (Λo − 1) + (1− 2tm)(Λb − Λo) = 0 (B9)

ω(a)− 1 = (1− 2tm)(Λb − Λo) (B10)

t∗m =
1

2

(
1 +

1− ω(a)

Λb − Λo

)
(B11)

Thus, when 1−ω(a) is sufficiently large, relative to Λb−Λo, the distribution of a trooper’s enforce-

ment pattern will shift towards that of minority motorists.
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B.4 Multitask Principal-Agent Model with Two Types of Enforcement Tasks

In the main text, I develop a model which illustrates the degree of substitution across enforcement

(contracted) and non-enforcement (non-contracted) tasks. In this subsection, I present an alterna-

tive model where the trooper divides effort between producing low- and high-quality enforcement

tasks and show that it leads to similar predictions as before.

Suppose the trooper divides her time between high-quality (h) and low-quality (l) enforcement

tasks, respectively devoting th and tl to each of them. Low-quality enforcement tasks have relative

cost of effort ω(a) ∈ (0, 1). This simple division of enforcement tasks can be motivated by the

Patrol’s emphasis on particular “targeted” enforcement action, such as driving under the influence

or seatbelt usage, however these generally require greater effort to seek out and enforce. Assuming

the same arbitrary contract which generates an interior solution, the trooper’s optimization problem

is to choose th and tl to solve:

max
th,tl

u(n) + tl(Λ
o − ω(a)) + th(Λo − 1) + tlth(Λb − Λo) (B12)

which yields the following first order condition, with tl = 1− th:

∂U(·)
∂tl

= (Λo − ω(a))− (Λo − 1) + (1− 2tl)(Λ
b − Λo) = 0 (B13)

ω(a)− 1 = (1− 2tl)(Λ
b − Λo) (B14)

t∗l =
1

2

(
1 +

1− ω(a)

Λb − Λo

)
(B15)

Thus, when 1−ω(a) is sufficiently large, relative to Λb−Λo, the trooper will substitute towards low-

quality enforcement tasks that are easier to generate, at the expense of high-quality enforcement.
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Appendix C: Complementary Difference-in-Differences Design

In this appendix, I provide additional details on the complementary difference-in-differences strat-

egy I develop to supplement the primary regression discontinuity specification. Relative to the

regression discontinuity approach, the key advantage of the difference-in-differences approach is

that it allows for the estimation of causal effects away from the discontinuity as well as providing

sufficient power and ease of aggregation for subsample estimates, such as the study of within-month

behavior. I develop a semi-parametric aggregation scheme that allows for pooling information across

many unique events while still ensuring common support of the relative time coefficients to test

the identifying assumptions and illustrate dynamic effects. I also extend the structure of the data

to accommodate changes in trooper behavior across multiple shifts, allowing for medium-term

intertemporal effort substitution.

C.1 Difference-in-Differences Design

I estimate the impact of multitasking via collision responses on the allocation of trooper enforce-

ment activity using a dynamic difference-in-differences design. In the simplest case, this design

intuitively compares two troopers who are working the same shift and beat, one who was assigned

a collision response and one who was not. The “untreated” trooper(s) provide a counterfactual for

the enforcement activity the collision responding trooper would have conducted in the absence of

the collision response. Since these troopers are working the same shift and beat, they face the same

enforcement expectations and traffic patterns. Formally, I estimate regressions of the following

general form:

Y h
ijt = αhi + δhjt +

∑
k∈K

βhkD
h
ik · Collisionhi + εhijt (C1)

for trooper i, beat j, time t, and the shift-hour of the collision response h. The coefficients of

interest are βhk which trace out the dynamic differences in the outcome Yijt between treated and

untreated troopers.

I estimate equation (C1) using a two-step imputation approach akin to Gardner (2021) and

Borusyak, Jaravel, and Spiess (Forthcoming).1 I conduct inference using a Bayesian boostrap

(Rubin 1981), accounting for variation in both the first- and second-steps of the estimation strategy.

Finally, to capture both the immediate and medium-term responses, I examine the dynamics of

trooper responses in both the focal shift and in the following shift I observe the trooper working.

One empirical challenge with this approach is that collision responses may arrive at any point

within a shift. Implicitly, the set of event time indicators K therefore depends on h, such that:

K :=
{
k : k ∈ [−h+ 1,−2]︸ ︷︷ ︸

Pre-trend

∪ [0, 10− h]︸ ︷︷ ︸
Same shift

∪ [10, 20− h]︸ ︷︷ ︸
Next shift

}
.

1Specifically, imputation estimators use untreated and not-yet-treated observations to form estimates of the
untreated counterfactual (Y (0)). The difference between the realized outcome and Y (0) is an estimate of the treatment
effect.
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Thus, k = 4 may represent an hour at the end of one shift and the beginning of another shift,

depending on the shift-hour of the collision response, h. Moreover, the fact that collision responses

arrive at different hours means that event-time coefficients near the boundaries of K will have

only partial support across values of h. I overcome both of these empirical challenges by estimating

Equation (C1) separately for each h and then aggregate event-time coefficients to represent common

periods according to the following semi-parametric aggregation scheme:

Pre-trend

Reference

hour

Immediate

effect

(Hours 0-2)

Rest of

focal shift

First half,

next shift

(Hours 1-5)

Second half,

next shift

(Hours 6-10)

where the first two post-periods (immediate effect and rest of the focal shift) capture enforcement

responses during the focal shift and the last two periods capture spillover effects into the following

shift while permitting some dynamics within that following shift. Within each of these groups, I

calculate the average hourly response by taking the weighted average across h, using the number

of events as weights.

Following the main text, I focus on collision responses which occur in the interior hours h ∈ [3, 8]

of worked shifts in my sample for two reasons, the first of which is specific to this research design.

First, collision responses which occur in the first two hours of a shift may not have a well-defined

pre-period, which precludes testing the identifying assumptions. Second, collisions which occur

in the tails of the shifts may not be quasi-randomly assigned. For example, when shifts overlap,

collisions may be more likely to be assigned to troopers who are just beginning their shifts rather

than troopers who are ending their shifts. Appendix Figure C1 plots the mean collision assignment

rates by hour for common shifts and depicts exactly this type of strategic phenomenon in the shift

tails. While the focus on interior shifts potentially limits the generalizability of the estimates to all

collisions, it also ensures that the experimental design is internally valid.2

There are two identifying assumptions underlying this research design. The first is that en-

forcement patterns of collision-responding and non-responding troopers should evolve in parallel in

the absence of the collision response. This assumption could be violated if collisions are system-

atically assigned to troopers who have dynamically higher or lower enforcement volume within a

shift and would present as non-parallel trends in the pre-period. A second concern is that collision

responses are systematically assigned to troopers across shifts, perhaps in an attempt to equalize

collision volume across troopers. I empirically test whether this behavior occurs in Appendix Figure

C2 and find little evidence a collision response in a given shift is consistently correlated with being

assigned a collision response in either the prior or following shift.

2Appendix Table C1 shows that the set of shifts with collision responses and untreated control groups is broadly
representative both spatially and temporally. I also note here that the set of collision responses is a subset of the
events from the regression discontinuity application, as the difference-in-differences approach requires an untreated
control group, a condition that may not always be satisfied when using only troopers in the same assignment.
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Appendix Figure C3 presents difference-in-differences estimates using the semi-parametric ag-

gregation scheme. Reassuringly there are little consistent parallel trends violations for the vast

majority of outcomes. One caveat is that the disparity estimates for constrained troopers are

somewhat elevated in the pre-period, although the implied trend would suggest enforcement pat-

terns trending in the opposite direction. Moreover, the RD estimates in Appendix Figure A17

suggest little pre-existing differences for across troopers in addition to returning similar magni-

tude and precision estimates as the difference-in-differences design. However, the results should be

interpreted with these caveats in mind.

Consistent with collision responses having dynamic impacts on troopers, I find sharp changes in

trooper enforcement activity and allocation of effort. Immediately following the collision response,

enforcement activity drops sharply, consistent with the collision response triggering additional

obligations. During the following hours, activity rises but does not fully recover on average. These

patterns are likely due to troopers completing collision reports and otherwise fulfilling additional

non-enforcement obligations, given the pattern of effort in Panels D-F.

DiD Empirical Test of Proposition 1: In the main text, I define two empirical tests or implications

of Proposition 1. Here I define the analogous test in the difference-in-differences framework. The

analogous test compares the difference in mean enforcement activity for constrained and uncon-

strained troopers. Formally, this is:

E[βk|k ≥ 0, a]︸ ︷︷ ︸
Average of dynamic

enforcement estimates

> E[βk|k ≥ 0, a]

where troopers with a are “constrained” and troopers with a are “unconstrained.” Formal point

estimates for the mean hourly differences between these two groups are reported in Appendix Figure

C4.
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Appendix Figure C1: Collision Rates by Hour of Shift for Common Shifts
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Notes: This figure presents collision assignment rates by hour of day and hour of shift for common ten-hour shifts
in the Washington State Patrol. Each point represents the mean probability of receiving a collision response in that
hour for that shift, pooling data across all districts for the period 2010-2018. Various color and shape markers denote
shifts that begin in the listed hour.
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Appendix Figure C2: Testing for Systematic Assignment of Collision Responses Across Shifts
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Notes: This figure tests for a systematic assignment of collision responses across adjacent shifts. Specifically, condi-
tional on a collision response in shift t, each coefficient tests whether shift t − 1 or t + 1 are also more or less likely
to have collision responses assigned in them. Each point represents a separate regression. Solid dots represent prior
shifts and solid diamonds represent following shifts. Regressions also control for trooper, location by date, and date
by shift start hour fixed effects. Coefficients are converted to percent effects relative to the sample mean. Shaded
regions represent 95 percent confidence intervals with standard errors clustered at the trooper level.
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Appendix Figure C4: Trooper Enforcement Activity Changes Following Multitasking Collision
Response in Difference-in-Differences Framework

Panel A: Changes in Enforcement Activity Panel B: Effort Substitution
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-.02

0

.02

.04

.06

C
on

st
ra

in
ed

 - 
U

nc
on

st
ra

in
ed

 D
iff

er
en

ce

Violations Moving
Violations

Non-Moving
Violations

95% CI
90% CI

Notes: This figure reports difference-in-differences estimates testing for cross-group differences in multitasking col-
lision responses between constrained and unconstrained troopers. Each coefficient represents the difference in the
average DiD estimate for constrained and unconstrained troopers. Estimates denote the difference in average hourly
activity. Panel A reports results for changes in enforcement activity, Panel B reports results for the composition of
trooper activity, and Panel C reports enforcement disparities, adjusting for differences in the population prevalence
of motorists. Lighter and darker shaded regions represent 95 and 90 percent confidence intervals.
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Appendix Table C1: Representativeness of Sample Shifts with the Broader Set of
Collision-Involved Shifts

Sample All Collision
Mean Shifts Mean

Panel A: Districts (1) (2)
District 1 0.176 0.187
District 2 0.356 0.320
District 3 0.035 0.046
District 4 0.079 0.076
District 5 0.045 0.079
District 6 0.050 0.067
District 7 0.218 0.162
District 8 0.040 0.063

Panel B: Years
2010 0.120 0.103
2011 0.120 0.101
2012 0.108 0.098
2013 0.111 0.099
2014 0.112 0.108
2015 0.097 0.119
2016 0.104 0.134
2017 0.125 0.137
2018 0.103 0.100

Notes: This table compares district and year characteristics of shifts with collision responses that are in the primary
estimation sample with shifts that had a collision response in h ∈ [3, 8] in the same sample period. Column 1 reports
means for the primary estimation sample and Column 2 reports means for the broader sample of shifts with collision
responses.
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Appendix D: Welfare Calculation Appendix

This appendix provides additional details on the parameters and approach I use in Section 4.2 to

estimates the welfare impacts of delayed collision reports.

Recall from the main text that I relate the “costs” of delayed reporting with the “benefits” of

additional enforcement emphasis through the following framework:

∆NPV Settlement︸ ︷︷ ︸
1 week delay

=

[
α1(Moving Viols.)︸ ︷︷ ︸

RD Estimate

]
×
(

Rev. from enforce.︸ ︷︷ ︸
Ticket value ×
Pr(payment)

+ Deterrence effect︸ ︷︷ ︸
Deter treat. eff. ×

settlement cost

)
(D1)

Costs of Delayed Reports: The left-hand side of Equation (D1) is the cost to the victim from

receiving their settlement one week later. I take bounds on the value of the settlement and assume

an average payment lag of 10.7 months.3 Minor collision settlement values are between [$1,090,

$15,000] and moderate collisions are between [$15,850, $43,063]. I assume a discount rate of 3

percent compounded monthly and calculate the left-hand side as the difference in the net present

value of a lump-sum payment under the shorter and longer waiting horizon.

Benefits of Enforcement Emphasis: The right-hand side of Equation (D1) is the social benefit

of increased enforcement and abstracting from report-writing. The first term ∆below−above is the

difference in hourly enforcement between constrained and unconstrained troopers from the RD

estimate for moving violations in Appendix Figure C4, multiplied by the number of hours. I

remain agnostic on when the report-writing takes place and how long the report takes to complete

and therefore compute Equation (D1) over a range of values from 1-10 hours, where 10 hours is one

shift. For the government revenue component, I take $150 as the average value of the ticket, which

is approximately the cost of speeding between 6-10 miles per hour over the limit, and multiply

this value by the caseload weighted probability of a traffic violation ending in payment from 2010-

2018.4 For the deterrence component, I use the average values of a minor ($6,827) and moderate

($25,181) collision settlement and the one-year collision deterrence estimate from Goncalves and

Mello (2023).

3Respectively, these values come from InjuryClaimCoach.com (Washington State values) and https://www.

forbes.com/advisor/legal/auto-accident/typical-car-settlement-amounts/.
4Implicitly, I assume that all violations result in a ticket. Multiplying the right-hand side revenue component by

mean ticketing rates would further shift the calculus towards welfare-negativity.
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Appendix E: Econometric Appendix

In this appendix I provide additional detail and derivations for some of the key exercises I conduct

in the main text.

E.1 Variance Decomposition

Recall from Section 4 that I am interested in decomposing the variance across collision responses

into a component ascribed to trooper effects and a component ascribed to location effects. This

decomposition begins with the simple two-way fixed effects model

Rije(h)(y) = αi︸︷︷︸
Trooper

fixed
effects

+ ψj︸︷︷︸
Location

fixed
effects

+ W′
e(h)β︸ ︷︷ ︸

Auxiliary
controls

+εije(h) (E1)

Simple estimates of the variance of the trooper (V̂αi) and location effects (V̂ψj
) will be upwardly

biased due to estimation error in the fixed effects. This upward bias is problematic for correctly

quantifying the share of the variance in R(y) that’s due to trooper or location effects since the

degree of estimation error may differ across each of these groups. Kline, Saggio, and Sølvsten

(2020) illustrate a simple leave-out approach to purging the variance estimates of this estimation

error. I illustrate my implementation of their procedure below.

I begin by first partialling out the vector We(h), which includes shift-hour of collision response

indicators for each h ∈ [3, 8]. I then work with the simplified model

R̃ije(h)(y) = αi + ψj + εije(h) (E2)

where R̃ije(h)(y) = Rije(h)(y)−W′
e(h)β̂.

I then compute leave-out estimates of the standard error of each trooper and location fixed

effect, which, when squared, I denote ŝi
2 and ŝj

2. Kline, Saggio, and Sølvsten (2020) show that

standard variance component estimates can be corrected for estimation error-induced bias by sub-

tracting the weighted average of these squared standard errors from empirical variance estimates,

which I use to form bias-corrected estimates of trooper and location fixed effects.

Vαi(y) =

“Plug-in”
estimate︷ ︸︸ ︷
V̂αi(y) −

Bias correction︷ ︸︸ ︷
N∑
i=1

|Ri|
|R|︸︷︷︸

i’s share
of

events

ŝi
2(y), Vψj

(y) =

“Plug-in”
estimate︷ ︸︸ ︷
V̂ψj

(y) −

Bias correction︷ ︸︸ ︷
J∑
j=1

|Rj |
|R|︸︷︷︸

j’s share
of

events

ŝj
2(y) (E3)

where V̂αi and V̂ψj
are the empirical “plug-in” variance estimates.

Derivation of Ratio Measure: Canonical variance decompositions (e.g., Abowd, Kramarz, and

Margolis 1999, Card, Heining, and Kline 2016) are often interested in quantifying the contribution
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of the variance of some set of fixed effects to the variance of the outcome. For example, the

contribution of the variance of firm effects to the variance of log earnings. In my setting, I am

interested in determining whether trooper or location effects explain a greater share of the variance

in collision responses. Rather than calculating the variance shares for each component, I instead

simply compute the ratio of the two variances. This ratio compactly summarizes the relative

contributions of each set of fixed effects to the overall variance and falls neatly out of working with

the standard variance share estimates.

Vαi(y)/V(y)

Vψj
(y)/V(y)

=
Vαi(y)

Vψj
(y)

(E4)

E.2 Discussion of Clustering Algorithm

In Section 5.1, I provide evidence that the variation in multitasking collision responses reflects dis-

tinct differences in trooper behavior and performance, which I use to subset troopers into specific

typologies. I use these typologies, combined with the simple multitask principal-agent model of

differential costs of enforcement as motivation for counterfactual exercises which change this differ-

ential cost. In this subsection, I provide additional details on the classification algorithm I employ

to identify trooper typologies.

k-Means Clustering: k-means clustering is a parsimonious method to grouping together unlabeled

(i.e., without pre-determined group membership) data points. At a high-level, the method chooses

a partition (clusters) with centroids for a given number clusters to minimize within-cluster variance.

This requires a single input parameter of the number of clusters. I determine the “optimal” number

of clusters using established techniques, including examining the relationship between the sum of

squared errors and number of clusters for an “elbow” and the relationship between the silhouette

score and number of clusters.

Appendix Figure E1 reports the results from these cluster choice exercises when applied to both

troopers and locations. The first row presents results for troopers and both methods highlight five

as the choice of clusters. The second row presents results for locations. While Panel C highlights

four as the optimal number of clusters, the story in Panel D is less clear. Although taken together,

the dip when moving from four to five combined with the results in Panel C suggests that using

four clusters is a reasonable approach.

With the number of clusters determined, the next objective is to find the centroids of these

clusters and assign nearby data points to these clusters as appropriate. Let (y1, . . .yN ) represent

a d-vector of trooper-specific or location-specific means. The goal is to find a partition P =

{p1, . . . , pk} with centroids κ which minimize the following objective function:

arg min
P

k∑
i=1

∑
y∈pi

||y− κi||2 (E5)

where || · ||2 is the L2-norm. That is, we are looking for P which minimizes the sum of the within-
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cluster sum of squares (WSS). The centroids of each partition are given by κ.

There are two drawbacks with leveraging such a parsimonious clustering mechanism. First,

since the measure of within-cluster variation is distance-based, dimensions of y with greater vari-

ances will implicitly receive more weight when solving the objective function. Following standard

approaches, I first standardize y so that each dimension of y has mean zero and unit variance.

I perform the full algorithm on this standardized data, before presenting the unstandardized and

labeled data in Figure 7 and Appendix Figure A26. Second, k-means in general is sensitive to the

initial starting conditions. I therefore randomly choose starting points 1,000 times, perform the full

clustering algorithm, and then choosing the final set of cluster centroids from the iteration with

the lowest WSS.

E.3 Allocating Troopers to Locations

In this subsection I provide additional details on the approach I use to solve the social planner’s

optimal allocation problem.

Recall from the main text that the social planner would like to choose a matching between

troopers and locations which maximizes some payoff function Φ(xi, zj). Empirically, this problem

can be written in a general form of

max
πij

∑
ij

πijΦ(xi, zj) (E6)

s.t.
J∑
j=1

πij = pi (E7)

N∑
i=1

πij = qj (E8)

πij ≥ 0 (E9)

which is a linear program and can be tackled using standard tools. πij is a joint distribution

or optimal matching matrix which matches troopers i to locations j. I take the payoff function,

Φ(xi, zj), to be the scalar product of the input characteristics for troopers and locations as described

in the main text.

Existence and Uniqueness of π∗ij: Existence of an optimal matching matrix is trivial since any

arbitrary matching of characteristics (joint distribution) of the marginal distributions is a potential

solution. See Mangasarian (1979) for a discussion on the uniqueness of linear program solutions.

More generally in the optimal transport literature, a unique solution exists when at least one of

the source or target distributions is absolutely continuous with respect to the Lebesgue measure.

See Galichon (2016) for a high-level discussion of duality in this space.
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E.4 Predicting Trooper Behavior Under Counterfactual Policies

Once the optimal matching matrix π∗ij is discovered, the remaining challenge is how to predict

trooper responses under the new matching regime. Unlike standard linear programs where the ob-

ject of interest may be the value of Equation (E6), here I am interested in predicting counterfactual

values of θi(y) when moving from the empirical coupling π̂ij (observed match) to the optimal one,

π∗ij . Returning to the underlying principal agent problem, moving a trooper i from location j to

j∗ effectively changes the saliency of the enforcement target in the new location, in addition to

there being a common level shift in trooper behavior across locations, along with any behavioral

responses to the change in target. Thus, any prediction of counterfactual trooper behavior needs

to account for all of these components.

In practice, I predict counterfactual trooper responses using linear regression. Specifically, I

regress trooper responses θi(y) on the relative performance Yi − Ej within each location. This

gradient illustrates the difference in trooper responses as a function of the constraint saliency, a

relationship which has a tight connection to the underlying principal-agent model in Section 2.

Formally, this is

θi(y) = %j + ρj(Yi − Ej) + εij (E10)

Changing Ej of Assignments: To start, consider a counterfactual policy which raises or lowers the

enforcement target Ej by some value ∆j . Under this alternative policy, the observed and optimal

assignments are the same, j = j∗. Thus, trooper counterfactual responses are simply given by

E[θ∗i (y)|j∗] = %̂j∗ + ρ̂j∗(Yi − Ej∗ −∆j) (E11)

and this policy represents a movement along the ρ̂j∗ gradient. Adding trooper responses from the

change in target is straightforward by adding ρ̂j∗(∆j×E[τk;k≥0]) where the latter expectation is the

average of the asymmetric trooper transfer responses as a function of changes in the enforcement

target. Note that the effect of changing the target will in general be partially mitigated the

behavioral response to the change in the target. For example, increasing the target by one holding

fixed relative performance means the target is more salient, but on average troopers adjust their

behavior by some amount which will offset some of this increased saliency, meaning the effective

change in relative performance (Yi − Ej) is less than one.

Intuition to Oaxaca-Blinder Decomposition: In this subsection, I illustrate how the prediction of

a trooper response with movement across locations has a similar intuition to an Oaxaca-Blinder

decomposition. To begin, write the response under the observed assignment as

θi(y) = %̂j + ρ̂j(Yi − Ej) + dij (E12)

where dij is a known residual. For simplicity and to connect with Appendix Figure E2, assume
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dij = 0. Let ∆j,j∗ = Ej∗ − Ej and write the change in trooper response moving from j to j∗ as

E[θ∗i (y)|j∗]− θi(y) = %̂j∗ + ρ̂j∗(Yi − Ej∗ +

Behavioral response
(from transfer)︷ ︸︸ ︷

∆j,j∗ × E[τk;k≥0])︸ ︷︷ ︸
Counterfactual response (π∗ij∗ )

−
(
%̂j + ρ̂j(Yi − Ej)

)︸ ︷︷ ︸
Observed response (π̂ij)

(E13)

=%̂j∗ + ρ̂j∗(Yi − Ej∗) + ρ̂j∗∆j,j∗ × E[τk;k≥0]− %̂j − ρ̂j(Yi − Ej) (E14)

=
(
%̂j∗ − %̂j

)︸ ︷︷ ︸
Level difference
across locations

+
(
ρ̂j∗(Yi − Ej∗)− ρ̂j(Yi − Ej)

)︸ ︷︷ ︸
Response to updated target

across locations

+ ρ̂j∗∆j,j∗ × E[τk;k≥0]︸ ︷︷ ︸
Behavioral response to

updated target

(E15)

The first term highlights a level difference between locations, holding fixed both the target

and performance. The second term quantifies the change in response due to the change in target,

taking into account any potential slope differences in the new location. The third term incorporates

trooper behavioral responses due to changes in the target from the event-study results in the main

text. In a simple Oaxaca-Blinder decomposition, the first term corresponds to the differences in

intercepts. The second term (supposing for simplicity that Ej∗ = Ej) represents the difference in

the relationship between the observed response and relative performance (slope) across locations

and the third term represents a movement along the relative performance curve in the new location.
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Appendix Figure E1: Testing for Optimal Number of Clusters

Troopers
Panel A: Within-Cluster Sum of Squares Panel B: Silhouette Coefficient

Locations
Panel C: Within-Cluster Sum of Squares Panel D: Silhouette Coefficient

Notes: This figure reports the results of two exercises used to determine the “optimal” number of clusters. Panels A
and C report the relationship between within-cluster sum of squares and number of clusters. Panels B and D report
the average silhouette coefficient against the number of clusters.
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Appendix Figure E2: Illustration of Counterfactual Posterior Mean Prediction

Yi − Ej

θi

ρj∗

ρj

New
assignment

Initial
assignment

(π̂ij)

Updated
target
in j∗

(π∗ij)

Hold Yi − Ej fixed

Change
due to
E∗j − Ej

Possible
behav. change

from
transfer
j to j∗

Notes: This figure illustrates a stylized example providing the graphical intuition behind the construction of predicted
counterfactual responses. The x-axis is a measure of relative performance and the y-axis is the trooper posterior mean
collision response. For visual clarity, I draw both the movement and behavioral transfer responses as oriented in the
same direction.
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