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In this dissertation, I study government responses to crime and racial inequality
to provide evidence on roots of economic and social disparities and the effectiveness of
policies aimed to address those disparities.

In the second chapter, I estimate the effect of access to Food Stamps on criminal
recidivism. In 1996, a federal welfare reform imposed a lifetime ban from Food Stamps
on convicted drug felons. Florida modified this ban, restricting it to drug traffickers who
commit their offense on or after August 23, 1996. I exploit this sharp cutoff in a regression
discontinuity design and find that the ban increases recidivism among drug traffickers.
The increase is driven by financially motivated crimes, suggesting that the cut in benefits
causes ex-convicts to return to crime to make up for the lost transfer income.

In the third chapter, I test for racial disparities in the criminal justice system by an-
alyzing abnormal bunching in the distribution of crack-cocaine amounts used in federal
sentencing. I compare cases sentenced before and after the Fair Sentencing Act, a 2010

law that changed the 10-year mandatory minimum threshold for crack-cocaine from 50g



to 280g. First, I find that after 2010, there is a sharp increase in the fraction of cases
sentenced at 280g (the point that now triggers a 10-year mandatory minimum), and that
this increase is disproportionately large for black and Hispanic offenders. I then explore
several possible explanations for the observed racial disparities, including discrimination.
I analyze data from multiple stages in the criminal justice system and find that the in-
creased bunching for minority offenders is driven by prosecutorial discretion, specifically
as used by about 20-30% of prosecutors. Moreover, the fraction of cases at 280g falls in
2013 when evidentiary standards become stricter. Finally, the racial disparity in the in-
crease cannot be explained by differences in education, sex, age, criminal history, seized
drug amount, or other elements of the crime, but it can be almost entirely explained by a
measure of state-level racial animus. These results shed light on the role of prosecutorial
discretion and potentially racial discrimination as causes of racial disparities in sentenc-
ing.

In the final chapter, I estimate the effect of school desegregation on long-run eco-
nomic outcomes by studying a natural experiment in Jefferson County, KY. In 1975, the
district, under a court order, developed a unique busing assignment plan to merge the
majority-white County district and the majority-black City district. Under this plan, stu-
dents were assigned to be bused to new schools (versus stay at their home school and
have new students bused in) based on their race and the first letter of their last name.
Using this plausibly conditional random assignment and confidential data from the US
Census Bureau, I find black students assigned busing to former County schools live in
better neighborhoods (e.g. neighborhoods with higher tract-level income) at adulthood

than black students assigned to remain in former City schools. This effect is strongest for



students bused in earlier grades and is increasing in the total number of years a student is
assigned busing. Busing assignment has small to zero effect on white students. I explore
the implications of white disenrollment from the district (i.e. “white flight”) by using a
novel dataset of archival yearbook records. I find the effect for white students remains
small even after accounting for disenrollment. These results suggest that school deseg-
regation in this setting had positive long-run effects for black students by giving them
access to better schools (e.g. schools with more capital investment, more credentialed

teachers, lower drop-out rates, etc.).
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Chapter 1: Introduction

Recent work nds that even after controlling for parental income, black men earn
less in adulthood than white men, are less likely to complete high school and college, and
are far more likely to be incarcerated (Chetty et al. 2020). In this dissertation, | study
guestions at the intersection of crime, race, and economics to understand the root of these
disparities and provide evidence on government policies that aim to address crime and
racial inequality.

| begin with two chapters that focus on the US criminal justice system, an area
where racial disparities abound. As of 2017, approximately 1.4 million people were incar-
cerated in state or federal prisons (BJS 2019b). Non-Hispanic whites, despite accounting
for approximately 60% of the US population, represented only 30% of that incarcerated
population (BJS 2019b). Every year hundreds of thousands of prisoners are released and
charged with the dif cult task of successfully re-integrating into their community (BJS
2019b). In the second chapter of this dissertation, | study the role of nancial assistance
in easing that transition. Then, in the third chapter, | examine disparities in the criminal
justice system themselves by studying racial differences in federal sentencing. Finally,
in the last chapter, | shift focus to disparities in the provision of education and study the

long-run economic effects of school desegregation.



In 2017 alone, state and federal prisons released over 620,000 individuals (BJS
2019b). Upon release, these individuals encounter numerous challenges in the re-entry
process, including but not limited to nding legal work. Only 55 percent of releasees have
any reported earnings in the year after their release (Looney and Turner 2018). Among
those with reported earnings, the median earnings is only $10,090 (Looney and Turner
2018). In fact, Mueller-Smith (2015) estimates that an extra year in pdaasesa 30
percent decrease in formal earnings post-release and a 3.6 percentage point decrease in
formal employment. Despite these labor market challenges, many releasees are shut out
from traditional forms of public support, such as public housing, unemployment insur-
ance, cash assistance, and Food Stamps (CEA 2016). These barriers may contribute to
the high rates of recidivism in the US, with 50% of released prisoners returning to prison
within ve years (BJS 2018).

In the second chapter, | study the effect of access to Food Stamps on criminal recidi-
vism. In 1996, the Federal government passed a major welfare reform that, among other
changes, imposed a lifetime ban from Food Stamps on people convicted of drug felonies.
Florida modi ed this ban to apply only to people convicted of committing a drug traf-
cking offense on or after August 23, 1996. To identify the causal effect of the ban, |
compare recidivism rates for people committing their offense just before August 23, 1996
to recidivism rates for those committing it just after. I nd that the ban increases recidi-
vism, speci cally recidivism caused by banned individuals committing new nancially
motivated crimes (e.g. selling drugs and theft) to make up for the lost transfer income.

While this study evaluates one consequence of a government response to drug
crime, it also speaks broadly to the relationship between public assistance and illegal la-
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bor supply. The results suggest that providing nancial assistance to people with felonies
could ease re-entry and reduce re-offending. Even more, the ndings stress that policy-
makers should consider the illegal labor supply margin when designing policies that could
encourage work.

The Food Stamps ban disproportionately affects black men and women because
of their disproportionate contact with the criminal justice system. In the third chapter
of this dissertation, | study one aspect of that disproportionate contact: racial dispari-
ties in prison sentences. Speci cally, | study racial disparities in federal sentencing by
examining a sudden change in the sentencing rules for crack cocaine offenses. Incar-
ceration has high economic and non-economic costs, and a racial disparity in sentencing
means those costs disproportionately impact black and Hispanic offenders (Haney 2001;
Mueller-Smith 2015; The Hamilton Project 2016; BOP 2020). In addition, the federal
government spends billions of dollars per year on the criminal justice system (BJS 2019a).
If a government actor in that system is making decisions that produce racial disparities,
we should understand what those decisions are, who is making them, and why they are
being made.

In federal drug cases, a mandatory minimum sentence is triggered based on the
amount of drugs involved in the offense. The amount “involved,” however, is not nec-
essarily equal to the amount seized, and it is subject to legal discretion from police and

prosecutors. In 2010, the Fair Sentencing Act changed that trigger amount for crack

1This discretion does not pose problems for the analysis of the SNAP ban in Chapter 2. State pros-
ecutors, in general, have less discretion over drug amounts than federal prosecutors. In order for state
prosecutor discretion to impact the results in Chapter 2, it must be the case that prosecutors discontinuously
change their behavior at August 23, 1996. Chapter 2 provides contextual and empirical evidence that this
does not occur. Finally, there is no reason for prosecutors to change their behavior concerning drug amount
around August 23, 1996. Florida did not modify the ban to apply only to drug traf ckers until May 1997,



cocaine from 50 grams to 280 grams. Using data on the universe of federal drug cases
sentenced from 1999-2015, | nd that the fraction of cases right at and above 280 grams
suddenly increases after 2010. Moreover, the increase in cases at 280 grams is dispropor-
tionately large for black and Hispanic offenders. This phenomenon alone can explain up
to 7% of the racial sentencing gap in crack cocaine cases after 2010.

To determine where the “bunching” at 280 grams rst occurs, | use several addi-
tional datasets that permit a detailed view of the criminal justice system. | nd that the
increase in cases at 280 grams is the result of a subset (about 30%) of federal prosecu-
tors exercising wide discretion over the total amount that is charged in these cases. To
investigate mechanisms even further, | identify a pivotal Supreme Court case from June
2013 that tightens evidentiary standards speci cally in mandatory minimum cases (Bala
2015). The fraction of cases at 280 grams falls immediately after the Court's decision in
that case, suggesting that those cases would not have held up under the stricter evidentiary
standards.

Finally, | explore several explanations for this racial disparity, including discrimina-
tion. Among other things, | show that the disparity is not driven by observable correlates
of race and that it is seemingly unrelated to costs to the prosecutor of developing a case
(e.g. costs imposed by defense counsel or judges). In addition, | highlight that within the
fairly narrow geography of a federal district, some prosecutors bunch cases at 280 grams
and some do not, a fact that rejects a simple model of statistical discrimination. | then use
a measure of state-level racial animus developed from Google Trends data by Stephens-

Davidowitz (2014), and | nd that the racial disparity in bunching at 280 grams is much

meaning that prosecutors, as of August 23, 1996, should expect all drug amounts to trigger the ban.



larger in states with higher levels of racial animus. These analyses suggest the disparity
is due to taste-based discrimination.

Mandatory minimum sentences were designed in the 1980s with the goals of reduc-
ing drug crime and making sentencing an objective process. The Fair Sentencing Act in
2010 relaxed the crack cocaine thresholds to address a long-standing disparity between
crack and powder cocaine sentences. | highlight the limitations of these seemingly ob-
jective policies by documenting the use of discretion in amounts charged and the racial
disparity in the use of that discretion. More broadly, this paper sheds light on the role
of prosecutorial discretion and potentially discrimination as causes of racial disparities in
sentencing. Prosecutors are given signi cant latitude over charging decisions and are thus
an important actor in the criminal justice system. Understanding the link between their
decisions and sentencing disparities is critical for determining how those disparities can
be reduced.

While the third chapter studies how similar defendants are treated differently by
raceafterentry into the criminal justice system, the fourth chapter in this dissertation stud-
ies how opportunities and education policy lead to the myriad racial inequalities present
outside of the criminal justice system. Using a novel empirical strategy and con dential
data from the US Census Bureau, | study the long-run effects of school desegregation,
one of the most extensive government efforts to reduce racial inequality in US history.

In 1954, the Supreme Court ruled that the segregation of schools is unconstitutional.
That decision irBrown v. Board of Educatioand a slate of subsequent rulings triggered
hundreds of court-ordered desegregation plans over the next three decades. By 1988, 44%

of black children were attending majority white schools (Or eld et al. 2014). Despite
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their success in terms of integrating students, many of these plans were dissolved after
a suite of Supreme Court decisions in the early 1990s. As a result, the released school
districts have re-segregated (Lutz 2011). Today, only 23% of black children are attending
majority white schools (Or eld et al. 2014).

This re-segregation is alarming because several studies show that school segrega-
tion has detrimental short-run effects for black students (e.g. Lutz 2011, Billings, Dem-
ing, and Rockoff 2014; Cook 2016; Bergman 2018). In addition, prior work nds that
school desegregation has short-run bene ts for black students (e.g. Guryan 2004; Reber
2009; Johnson 2015). Despite the widespread use of busing in the 70s and 80s, we know
little about its effects on long-run outcomes like nal educational attainment, earnings,
employment, or residential location in adulthood (aside from Johnson 2015). Even more,
since prior work primarily studies district-level changes that occur after court orders are
handed down, their estimates capture the net effect of a school desegregation policy. Ab-
sent within-district evaluations of desegregation, it is challenging to disentangle the effect
of changing peers versus changing school resources.

| focus on Jefferson County, KY, a large school district in the US, and the unique
busing assignment plan it adopted to merge its majority-white County schools with its
majority-black City schools. Under the plan, students were assigned to be bused to new
schools (versus stay at their home school and have new students bused in) based on their
race and the rstletter of their last name. | use this busing assignment scheme and admin-
istrative records on individual place of birth linked with responses to the 2000 Decennial
Census to estimate the long-run economic effects of busing assignment.

| nd that black students assigned busing to former County schools live in neighbor-
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hoods with higher tract-level income and higher tract-level education in adulthood than
black students assigned to remain in former City schools. For white students, busing as-
signment has a small negative or zero effect. To understand how “white ight” affects
these estimates, | use a newly collected dataset of nearly 100,000 student records from
archival school yearbooks and commencement programs. Results from these records sug-
gest that the effect of busing on white students is small and statistically indistinguishable
from zero even when white disenrollment is considered. Since the former City and former
County schools are equally integrated once busing is in effect, these results suggest that
the desegregation in Jefferson County improved the long-run outcomes of black students
by sending them to better schools.

Overall, this dissertation explores government responses to crime and racial in-
equality by focusing on two critical policy areas, criminal justice and education. First, |
study a government response to drug crime that prevents people with drug felonies from
receiving Food Stamps. | show that this ban increases recidivism rates, suggesting that
nancial assistance for released offenders may reduce re-offending. Then, in the third
chapter, | study racial disparities in federal sentencing. Speci cally, | examine abnormal
bunching in the distribution of drug amounts charged before and after the Fair Sentencing
Act. | provide new evidence that prosecutors in federal court treat black and Hispanic
defendants differently than similar white defendants. Finally, in the last chapter, | turn
to inequalities in the provision of education. | show that a school desegregation plan in
Jefferson County, KY had long-run positive effects on black students but no negative ef-
fect on the economic outcomes of white students. Together, these papers shed light on the
criminal justice system, the disparities therein, and racial inequalities in education.
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Chapter 2: Snapping Back:

Food Stamp Bans and Criminal Recidivism

2.1 Introduction

Since the late 1990s, state and federal prisons in America have released over half a
million prisoners every year (Council of Economic Advisors (CEA) 2016). Upon release,
these offenders face a myriad of obstacles that inhibit a successful transition into a new
life as law-abiding citizen$. To start, offenders have trouble nding work—survey evi-
dence suggests over half are unemployed even a year after release (Schmitt and Warner
2010). Job searchers with a felony conviction are subject to extra scrutiny in the hiring
process. Recent audit studies suggest that a felony conviction cuts probability of being
called back by an interviewer in half (Pager, Western, and Sugie 2009). In addition,
some occupational licensing rules bar felons from ever entering an occupation (Bushway
and Sweeten 2007). Furthermore, offenders do not meet the requirements of the Unem-
ployment Insurance program upon release and are frequently denied public housing by

local Public Housing Authorities (CEA 2016). Finally, as a consequence of the 1996

1| use the terms “offender”, “ex-offender”, “former offender”, “prisoner”, “inmate”, “felon”, “releasee”,
etc. frequently throughout this paper. These terms describe different groups. However, convicted and
released drug traf ckers (whom | also frequently refer to as simply “drug traf ckers”), the focal group of
this paper, belong to all of those groups or belonged to them at one point.



welfare reform, many offenders are now banned from receiving Supplemental Nutrition
Assistance Program (SNAP, formerly named Food Stamps) and Temporary Assistance for
Needy Families (TANF) bene ts. With this in mind, it may not come as a surprise that
half of releasees are back in prison within ve years of their release and three-quarters are
re-arrested within ve years (CEA 2016). Recidivism in America may be at least partly
the consequence of these barriers to reentry.

In this paper, | focus on one of those barriers, the SNAP ban, and ask how it affects
recidivism outcomes, de ning recidivism as a return to prison after release. It is particu-
larly critical that we understand the effect of the SNAP ban because it is currently in effect
in 27 states, and because survey evidence suggests SNAP is an important resource for of-
fenders post-release (Wolkomir 2018). Approximately 70 percent of the former inmates
in the Boston Reentry Study report receiving SNAP bene ts even just two months after
release (Western et al. 2015)Even more, SNAP bene ts are an important component
of income for recipients. Based on a representative sample of adult male recipients (not
limited to offenders), SNAP bene ts make up approximately 20 percent of their reported
gross income (see Table 2.2). Finally, to the extent that SNAP availability has insurance
value, it may also affect the decisions of non-recipients.

To study the effect of the SNAP ban on recidivism, | use a federal policy change
(as it was implemented in Florida) that imposed a lifetime ban from SNAP receipt on

offenders who committed drug traf cking on or after August 23, 1996will often refer

2Similar estimates of SNAP usage among households with an interaction with the criminal justice sys-
tem can be found in the Fragile Families & Child Wellbeing Study (Sugie 2012) and in the Panel Study of
Income Dynamics.

3] focus on Florida in this paper for a number of reasons, the foremost being that inmate-level data
for all offenders released after October 1, 1997 is publicly available for download. Florida also has more
people in prison or jail than all states but two (California and Texas) and has more people participating in



to this as “the cutoff date” in the remainder of the paper. Offenders committing drug
traf cking on or after this date are also subject to a lifetime ban from TANF bene ts.
That said, over 85 percent of drug traf ckers are male and less than 10 percent of TANF
recipients are male—if TANF does play a role, it is likely to be small in comparison to
SNAP, for which almost 40 percent of recipients are males aged 18-65 (U.S. Department
of Health and Human Services (HHS) 2015). For this reason, | refer to the treatment
only as “access to SNAP” or “the SNAP ban” in the remainder of the paper. To estimate
the causal effect of the ban on recidivism, | employ a regression discontinuity design
that compares outcomes for offenders who committed drug traf cking in a small window
before the cutoff date to outcomes for offenders who committed it on or slightly after
the cutoff. 1 nd the SNAP ban has increased the probability of recidivism among drug
traf ckers.

Speci cally, I nd that drug traf ckers subject to the ban are about 9 percentage
points more likely to return to prison after release than drug traf ckers who have access
to SNAP. An increase of this size is large for drug traf ckers in Florida. Among those of-
fenders who commit their traf cking offense in the 240 days before the cutoff date, about
16 percent return to prison at some point post-release. This implies that the SNAP ban
increased recidivism among drug traf ckers by about 60 percent. However, this estimate

is based on the small sample of about 1,000 drug traf ckers committing an offense suf -

SNAP than all states but two (again, California and Texas) (Kaeble and Cowhig 2016; Food and Nutrition
Service (FNS) 2017). Finally, the discontinuity is well-functioning in Florida—I nd no evidence of sorting,
manipulation, or endogenous responses near the cutoff. | explored a similar policy discontinuity in North
Carolina, but found evidence of sorting near the cutoff—offenders on the other side of the cutoff were older,
more risky, and received higher sentences. In addition, a McCrary density test suggested a drop in crime
right after August 23, 1996 in North Carolina. This invalidates the current approach in the context of North
Carolina, and hence | focus on Florida.
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ciently close to the cutoff date. Although | am able to reject a null effect of the ban, the
estimate is noisy and the con dence interval is large. The 90 percent con dence interval
on the main estimate is 1.7 percentage points to 17 percentage points, which implies the
SNAP ban increased recidivism among drug traf ckers by about 10 percent to 105 per-
cent. Unfortunately, | do not have the statistical power to produce a more precise range
of possible effect sizes.

Furthermore, the increase in recidivism is primarily driven by an increase in recidi-
vism for nancially motivated crimes (such as property crime and selling drugs). This
result has important implications for state SNAP bans and for reentry policy in general.
In fact, it is consistent with recent work by Munyo and Rossi (2015) showing that a
disproportionate amount of recidivism happens on the rst day of release and that rst-
day recidivism can be almost completely sti ed by giving releasees a suf cient monetary
stipend. Their work suggests that nancial support can ease reentry. | provide further sup-
port for this idea by showing that recidivism increases after we decrease nancial support
to offenders by banning them from SNAP.

More broadly, this paper contributes to a literature in public economics that studies
labor supply responses to transfer programs. Economic theory predicts that denying of-
fenders SNAP bene ts will incentivize work, encouraging offenders to reenter the labor
force and earn the money necessary to put food on the table. For a number of reasons,
however, nding employment in the legal sector is a challenge for ex-convicts. As such,
the work incentives could drive offenders back into the illegal sector. The evidence in
this paper is consistent with a model in which removing SNAP bene ts does increase the
labor supply of drug traf ckers.

11



This relates to work by Hoynes and Schanzenbach (2012) that nds reductions in
employment and hours worked for female-headed households after Food Stamps is intro-
duced in a county. In this paper, | emphasize the importance of considering the illegal
labor margin when designing policies that will affect work incentives, especially when
those policies will be applied to people who have high attachment to the illegal labor
market or high dif culty entering the legal labor market, both of which are true in the
case of drug traf ckers.

Finally, a number of papers have documented a long list of bene ts from SNAP and
safety net programs in general. First and foremost, SNAP relieves families of food insecu-
rity and reduces poverty (Mabli and Ohls 2015; Short 2015). In addition, recent research
suggests that SNAP receipt leads to a wide range of other positive outcomes, including
improved adult health, improved child health in the long-run, better birth outcomes, and
higher test scores for primary school students (Almond, Hoynes, and Schanzenbach 2010;
Gassman-Pines and Bellows 2015; Gregory and Deb, 2015; Hoynes, Schanzenbach, and
Almond 2016). | add another policy-relevant bene t to that list—access to SNAP de-
creases recidivism among drug traf ckers.

Making a few crude but conservative assumptions about the cost of incarcerating
an extra person and the social cost of crime, | can use the estimated effect of the ban
on recidivism to calculate the societal cost of the SNAP ban in Florida. A more com-
prehensive cost-bene t analysis of the ban is beyond the scope of this paper, as it would
require estimates of the effect on legal employment and the deterrence effect of the ban
for would-be rst-time traf ckers. Rather, this cost estimate is intended to highlight the
potential bene t of reducing recidivism by providing SNAP or other nancial support
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post-release. | estimate the ban costs Florida about $3,700 per banned person. Given that
Florida has approximately 19,000 people currently subject to the ban, this implies that the
ban has cost the state over 70 million dollars to date, a number that grows with each drug
traf cker shut out from SNAP.

The remainder of the paper is organized as follows. Section 2.2 recounts a short
history of the SNAP ban, and Section 2.3 reviews the related literature. | describe the
data in Section 2.4. Section 2.5 presents the methodology and Section 2.6 discusses the

corresponding results. Section 2.7 concludes.

2.2 The Federal SNAP Ban

The passage of the Personal Responsibility and Work Opportunity Act (PRWORA)
in 1996 dramatically changed welfare programs in America. Along with other major
changes to welfare policy, PRWORA imposed a lifetime ban from SNAP on felony drug
offenders. The ban was introduced as an amendment to the act by Senator Phil Gramm
and passed through Congress with little opposition. Upon introducing the amendment,
Senator Gramm argued, “if we are serious about our drug laws, we ought not to give
people welfare bene ts who are violating the Nation's drug laws.” Based on remarks
by Senator Connie Mack, it also appears that some believed that drug dealers should
not receive bene ts since, were their informal earnings counted, they would likely be
ineligible (U.S. Congress 1996, S8498).

Since the passage of PRWORA, many states have modi ed or repealed the SNAP

ban. Currently, 46 states have opted-out or modi ed the SNAP ban, up from only half
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of all states in 2002 (Gilna 2016; Wolkomir 2018). While some states have opted out
entirely, many states have modi ed the ban to grant eligibility to people convicted of
substance abuse crimes or to require enrollment in substance abuse treatment classes to
become eligible (Wolkomir 2018). Florida quickly modi ed the ban such that it would
only apply to people convicted of drug traf cking crimes committed on or after August
23, 1996¢

In Florida, drug traf cking constitutes the selling, manufacturing, or distributing
of illegal drugs in large amounts. For example, a person is charged with “traf cking
heroin” if they sell, manufacture, or distribute greater than 4 grams of heroin (FL Statute
893.135). Importantly, “selling, manufacturing, or distributing” (henceforth referred to
as SMD) is a separate offense category that applies to people who sell, manufacture, or
distribute illegal drugs in smaller amounts. People convicted of SMD or felony possession
are eligible for SNAP bene ts in Florida, regardless of when the offense was committed.
| use these groups in placebo tests to emphasize that the increase in recidivism is speci ¢
to drug traf ckers, the offenders who are banned from SNAP if they commit the offense

after the cutoff date.

4The application for SNAP in Florida has a section that requires applicants to report whether or not
they have been convicted of a drug traf cking offense that was committed on or after August 23, 1996.
While the Florida Department of Families and Children does not have an automated system to cross-check
applications with the Florida Department of Corrections, offender information is easily searchable online.
The Of ce of Public Bene ts Integrity in Florida has also partnered with the Florida Department of Cor-
rections in the past to identify drug traf ckers who were currently receiving or had received SNAP bene ts.
Florida estimates approximately $360,000 worth of SNAP and cash assistance bene ts had been disbursed
to ineligible individuals. Assuming those bene ts were strictly SNAP bene ts, that the average recipient
stayed on SNAP for one year, and that the average bene t per month is $150, this implies only 200 drug
traf ckers were receiving bene ts for which they were ineligible. Florida is home to approximately 19,000
drug traf ckers who are subject to this ban, implying that only 1 percent of drug traf ckers subverted the
ban.
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2.3 Related Literature

In this paper, | build on three literatures in economics and criminology by studying
the effect of the SNAP ban on drug traf ckers in Florida. To my knowledge, | provide one
of the rst empirical evaluations of a policy that currently affects former drug offenders in
27 states. This policy evaluation contributes broadly to the literature on prisoner reentry,
speci cally that which explores the effects of nancial support for released offenders.
Second, | contribute new evidence highlighting the relationship between nancial need
and criminal behavior. Finally, | add to an extensive literature in public economics that
studies the effect of cash and in-kind transfers on labor supply.

For ex-offenders, nding legal work can be especially dif cult. A large literature
discusses the challenges that offenders face when looking for legal work, from occupa-
tional licensing restrictions to employer discrimination to the detrimental effects of in-
carceration itself. | provide a broad review of this literature and other work on prisoner
reentry in Appendix B. The immense dif culty of successfully reintegrating into life out-
side of prison has spurred an interest in programs that can ease the transition and prevent
offenders from returning to crime. In this paper, | examine one reentry strategy: providing

nancial support to offenders via SNAP. This builds on a growing literature on the effect
of giving offenders nancial support upon release.

In concurrent work, Yang (2017a) and Luallen, Edgerton, and Rabideau (2017)
study the effect of the SNAP and TANF bans on criminal recidivism. Both papers con-
tribute further evidence to this important policy question. Luallen, Edgerton, and Ra-

bideau use data from the National Corrections Reporting Program (NCRP) which includes
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information about prison admissions and releases for several states. The authors also use
the discontinuity in banned status at the cutoff date in addition to variation in state-level
modi cations of the SNAP ban. They nd no effect on recidivism.

| depart from the analysis in Luallen, Edgerton, and Rabideau in two major ways.
First, | focus on longer-run recidivism outcomes, while they study the effect on recidivism
within 3 years. In this paper, | also nd a small and statistically insigni cant positive
effect on recidivism within 3 years. Second, | use administrative data from Florida that
includes the date each offense was committed. The NCRP data does not include the date
the offense was committed, and thus, the authors must use conviction date (proxied by
prison admission date) to identify treatment. Since the ban is actually determined by
the date the offense was committed, the authors have a very noisy measure for treatment
(convictions often take place months or years after the date the offense was committed).
This measurement error will attenuate their results. In fact, | reestimate the main results
from this paper using conviction date rather than offense date and also nd a statistically
insigni cant effect on recidivism (results in Table A2.28).

Yang (2017a) exploits the extent to which states opt out of the Federal ban and the
differential timing of opt-out. Yang uses state-by-time-by-crime variation in the applica-
tion of the ban in a triple difference design. Using data from the NCRP, she nds that
access to SNAP bene ts decreases the probability of returning to prison within one year
by about 2.2 percentage points or 13 percent from the mean. This result is consistent with
my ndings that access to SNAP decreases the probability of re-incarceration for drug
traf ckers.

My paper presents a more comprehensive analysis of the SNAP ban by examining
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long-run recidivism outcomes and the types of crimes offenders commit due to the ban.
In addition, | focus on drug traf ckers, a group of offenders who have ties to the illegal
labor market and thus, may be most at risk to return to it. Also, several states that have
partially opted out of the ban have, like Florida, maintained the ban for drug traf ckers.
Finally, the estimates from the triple difference design are biased if states enact policies
that speci cally affect drug felons in the same year that they opt out of the welfare ban.

| approach the evaluation of this ban with a regression discontinuity design that is not
subject to that concern.

There is an older literature in criminology and sociology that analyzes random ex-
periments that allocate unemployment bene ts to offenders and consistently nds that
nancial support decreases probability of re-arrest for property crimes (Mallar and Thorn-
ton 1978; Berk, Lenihan, and Rossi 1980). Speci cally, these studies nd that nancial
aid for ex-offenders reduces their likelihood of re-arrest for property crime by about 8-27
percent The effect of these programs on re-arrest in general is less clear, but the largest
effects are concentrated in re-arrest for property crimes, which is both consistent with
theory and with the results in this paper. Interestingly, Berk and Rauma (1983), in an
early application of regression discontinuity design, also nd that giving unemployment
bene ts to offenders decreases the likelihood of recidivism (de ned as re-incarceration,
parole revocation, or parole violation) by about 13 percent. As Raphael (2011) points out,
the cash assistance programs studied in the 70s and 80s typically had bene t reduction

rates from formal earnings of 100 percent, and as a result, led to a substantial drop in

5Berk, Lenihan, and Rossi do not nd an effect of nancial aid in their reduced form analysis of the
experiment. They introduce a model that incorporates legal employment effects and report the results of
that model.
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formal labor supply that may have had an offsetting effect on recidivism.

Another compelling line of research documents an increase in crime two to three
weeks after welfare disbursement, suggesting recipients are spending down the entire
check and committing crimes until the next payment (Foley 2010). Similarly, Carr and
Packham (2017) demonstrate that theft in grocery stores in Chicago fell dramatically
after lllinois implemented a staggered disbursement schedule for SNAP. They leverage
variation in bene tissuance based on rst-letter of the recipient's last name and estimate
similar effects from a shift in issuance dates in Indiana. This work further highlights
the relationship between transfer programs and cfirfemore detailed review of the
literature on nancial need and criminal behavior is in Appendix B. The results in this
paper, that the SNAP ban increases recidivism among released drug traf ckers, provide
further evidence that nancial need is an important factor in the decision to commit crime.

The work cited above ties into a distinct literature in public economics about the
effect of transfer programs on labor supply. Both theory and empirical evidence suggests
that transfer programs discourage work. For SNAP, in particular, Hoynes and Schanzen-
bach (2012) use variation in county-level rollout of the Food Stamps program and nd
that the introduction of Food Stamps in a county decreases annual hours worked in
those households most likely to be affected by the program (noneldery, female-headed

households]. Their paper provides valuable evidence about the labor supply response of

6Studies of the effect of housing vouchers on crime tend to nd a negligible or negative effect of voucher
receipt on crime (Jacob, Kapustin, and Ludwig 2015; Carr and Koppa 2017). Carr and Koppa (2017) argue
that vouchers free up nancial resources to such an extent that they effectively subsidize spending on things
that are complements to crime, like alcohol.

’For another example, Jacob and Ludwig (2012) exploit variation in housing voucher receipt from
randomized placement on a waitlist in Chicago and nd that voucher use decreases labor force participation
by 6 percent. Also, Deshpande (2016) uses a policy discontinuity from PRWORA to demonstrate that
children removed from SSl increase their labor supply but not by enough to offset the lost bene ts.
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female-headed households to Food Stamps, but evidence for the labor supply of males is
necessarily limited, and there is no consideration of illegal labor supply. While | do not
observe hours worked or wages, | do observe recidivism, which for many drug traf ckers
corresponds to participation in the illegal labor market.

In summary, public economic theory as well as empirical evidence suggests that
decreasing transfer income may push workers back into the labor force. Yet other work
highlights the dif culty offenders face in the legal labor market and the ease with which
they can reenter the illegal labor market (see Appendix B). A strong incentive to return
to work coupled with the dif culty of nding legal work may drive offenders back to the
illegal sector (see Appendix C for a formal model of this phenomena). Existing research
on the effect of nancial support on recidivism typically focuses on short-run outcomes or
considers nancial support programs that differ markedly from SNAP in terms of bene t
amount, potential length of receipt, and bene t reduction rate. The effect of the SNAP
ban on recidivism speaks to labor supply responses to SNAP bene ts, and even more, it

directly relates to current prisoner reentry policy.

2.4 Data and Descriptive Statistics

2.4.1 Offender Data

Florida Department of Corrections (FL DOC) makes data from its Offender Based
Information System (OBIS) publicly available. These data include information about
both active offenders and released offenders. | combine offense-level data, prison stay-

level incarceration histories, and offender-level demographic data into a dataset where
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each observation is a unique prison stay. Using this data, | calculate recidivism for a
given stayj as whether or not the offender ever has a prison stay occurring after stay
j. Likewise, that recidivism is recorded as “ nancially motivated” if the offender was
charged with a nancially motivated crime for the prison stay occurring after ptayd
that recidivism is recorded as “non- nancially motivated” if the offender was not charged
with a nancially motivated crime for the prison stay after sta§ In some analyses, |
use a measure of time until recidivism—this is de ned as the time between release from
prison stayj and the earliest offense occurring after siay

| limit this data to offenses committed after October 1, 1995. First, Florida imple-
mented a suite of criminal justice reforms that apply to offenders committing offenses
on or after October 1, 1995. Most notably, offenders sentenced after October 1, 1995
are required to serve 85 percent or more of their sentence. Kuziemko (2013) shows that
xed-sentencing systems alter incentives for offenders while in prison, sti e the allocative
ef ciency of parole boards, and ultimately, increase recidivism. Restricting the sample to
offenses committed after October 1, 1995 avoids including offenders that were sentenced
under a drastically different system. Second, offenders are included in the publicly avail-
able OBIS data if they committed a felony, served time in a Florida prison for that felony,
and were released after October 1, 1997. If an offender meets those three criteria, then all
of their stays in FL prisons are included in the data. Limiting the sample mitigates sample

selection problems arising from that restriction imposed by FL ®Qrther details on

8FL DOC categorizes most offenses here: http://www.dc.state. .us/AppCommon/offctgy.asp#PC. | de-
ne nancially motivated crimes as: property crimes (excluding property damage crimes such as vandal-
ism), selling/manufacturing/distributing drugs, drug traf cking, fraud, forgery, racketeering, prostitution,
counterfeiting, and crimes containing a “$”, “sale”, or “sell” in the charge description. | de ne non-
nancially motivated crimes as all crimes that are not categorized as nancially motivated.

%0nly six drug traf cking offenders in the data from October 1, 1995 to October 1,1997 are released
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data construction are in Appendix E.

For the main results, | also remove individuals who are identi ed as Hispanic in
the data (less than 7 percent of my sample). PRWORA restricted access to SNAP for
documented and undocumented immigrants regardless of criminal history. In addition,
non-citizen immigrants often face deportation after committing drug traf cking since it is
classi ed as an “aggravated felony” under the Immigration and Nationality Act. For these
reasons, many non-citizen immigrants will lose access to SNAP regardless of the date
their offense is committed, thus including them in the sample will attenuate the estimated
effect. Unfortunately, | do not observe immigrant status in the data. In the 2000 Census,
about 41 percent of Hispanic individuals “institutionalized” in Florida are born outside of
the US and less than 5 percent of Black or White individuals institutionalized in Florida
report a birthplace outside the US. | report the main results on recidivism with Hispanics
included in Table A2.4 to demonstrate that the results are qualitatively similar, but as
expected, are attenuated slightly.

Summary statistics for offenders who committed offenses from October 1, 1995 to
October 1, 1997 are reported in Table 2.1 for three groups: drug traf ckers, all non-drug
offenders, and offenders convicted of selling, manufacturing or distributing drugs (SMD
offenders). | also report summary statistics for all drug traf ckers released after October
1, 1997. Drug traf ckers are quite different from offenders who commit other crimes.

As Table 2.1 shows, recidivism is lower for drug traf ckers than non-drug offenders or

prior to October 1, 1997. The results are not affected by the inclusion of these six offenders. Also, on
average, drug traf ckers are sentenced to approximately 4.6 years, and over 90 percent of drug traf ckers
are sentenced to 2 years or more. Finally, selection bias from the FL DOC restriction will bias all results
downward since offenders in the control group (those committing an offense prior to August 23, 1996) are
more likely to be released prior to October 1, 1997 and thus only observed in the event of recidivism.
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SMD offenders in Florida. When benchmarking the recidivism results I nd in Section

2.6, it is important to keep in mind the rates at which other criminals return to prison.
A 9 percentage point increase in the recidivism rate of drug traf ckers does not yield an
unrealistic recidivism rate, rather, it yields a rate of recidivism that is still lower than the

rates for non-drug offenders and other drug offenders.

2.4.2 SNAP Quality Control Data

Using the 1996-2014 SNAP Quality Control les provided by Mathematica Policy
Research, | report summary statistics on the SNAP population in Florida in Table 2.2. 1
focus on male recipients aged 18-65 for this exercise since 89 percent of offenders are
male. These statistics paint a picture of the male SNAP population in Florida and contain
two key observations: (1) the SNAP benet is an important source of income and (2)
recipients do not have to be employed to receive SNAP bene ts, despite the well-known
work requirements of post-PRWORA SNAP.

Notably, the SNAP bene t men receive in Florida is around 20 percent of the to-
tal gross income they report. SNAP transfers are a sizable portion of gross income for
this population. This statistic gives us a rough estimate of the toll of the SNAP ban on
offenders. Assuming SNAP transfers would make up the same share of drug traf ckers'
reported gross income, then the SNAP ban effectively denies offenders this stream of in-
come upon release. In other words, offenders who commit drug traf cking on or after
August 23, 1996 are banned from SNAP and thus take home 20 percent less in gross in-

come than offenders who commit drug traf cking just before August 23, 1996. Again,
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this is an estimate based on the SNAP bene ts of male recipients aged 18-65 in Florida.
SNAP transfers may represent more or less than 20 percent of former drug traf ckers'
gross income. In this light, it makes sense that there are potentially large effects of the
SNAP ban on recidivism, especially since SNAP take-up among former offenders is high.

Approximately 70 percent of the former inmates in the Boston Reentry Study report
receiving SNAP bene ts even just two months after release (Western et al. 2015). Sugie
(2012) also nds that about 70 percent of families in the Fragile Families & Child Well-
being Study with a recent paternal incarceration report receiving SNAP in the past year.
The Panel Study of Income Dynamics asks respondents in 1995 if they have ever been in
the corrections system (jail, prison, youth corrections). Almost 50 percent of respondents
who answered yes to that question were in families that reported receiving SNAP at some
point from 1995-2013. Unfortunately, | cannot identify the subsample of these people
who have been to prison (given prison, jail, and youth corrections are three very different
populations).

PRWORA also introduced more stringent work requirements for SNAP recipients.
Perhaps the requirement most relevant to this study is the work requirement for able-
bodied adults without dependents (ABAWDSs) since many offenders may be considered
ABAWDs. The ABAWD work requirement states that able-bodied adults without depen-
dents are limited to only 3 months of SNAP receipt every 3 years unless they: (1) work
20 or more hours per week, (2) participate in an employment and training program, or (3)
participate in a workfare program (U.S. Department of Agriculture (USDA) 2016b).

First, note that ABAWDs do not have to be employed to meet the requirement;

they can meet the requirement by enrolling in employment and training programs, many
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of which are actually targeted at ex-offenders (USDA 2016a). In fact, Table 2.2 shows
that only 10 percent of single males receiving SNAP are employed and only 40 percent
of men with families are employed. Second, when states face tough economic times,
they can request to waive this requirement. This requirement was waived nationally from
2001-2003 and 2009-2016. In addition, the requirement was waived prior to 2009 for
Labor Surplus Areas (counties in Florida with especially high unemployment) and for
counties where Florida chose to apply a special exemption that allows states to exempt 15
percent of the state's caseload from the work requirement (USDA 2016b).

| exploit this variation in the ABAWD requirement and nd that the SNAP ban
does have the largest effect on recidivism when the ABAWD requirement is waived in
Florida. The table below shows statistics broken down by years with and without na-
tionwide ABAWD work requirement waivers. SNAP bene ts are higher in years with
nationwide ABAWD waivers, and single males represent a greater portion of the male

SNAP population in Florida during those years.

2.5 Methodology

SNARP eligibility for drug traf ckers is determined by a sharp cutoff date. Offenders
who committed drug traf cking before August 23, 1996 are eligible for SNAP bene ts,
while offenders who committed drug traf cking on or after August 23, 1996 are per-
manently banned from SNAP. To estimate the effect of the SNAP ban on recidivism, |
employ a regression discontinuity design that exploits this sharp policy rule. In general,

the regression model is as follows:
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Recidivism = a + biAfter; + g(DaysFromCutofif) (2.1)
+ g(DaysFromCutofif) After; + wi

whereRecidivism is equal to one if the offenderat timet ever returns to prison
after being released and equal to zero if the offender does not return to ftigdner;
is an indicator equal to one when the offense is committed on or after August 23, 1996
and equal to zero otherwise—this indicates whether the offender is subject to the SNAP
ban or not.g(DaysFromCutofif) is a exible function of offenderi's offense date ex-
pressed as number of days from August 23, 1996 (centered at zero). The interaction term
allows the relationship between the running variable (distance from August 23, 1996) and
recidivism to vary before versus after the cutoff. No baseline covariates are included in
this speci cation'!

My preferred speci cation for all results is the local linear regression discontinu-
ity design with a rectangular kernel. | present the main results in this paper using two
bandwidths. First, | show every result using the Imbens and Kalyanaraman (IK) (2012)
optimal bandwidth chosen for that regression with polynomial of degree one and a rect-

angular kernel. This procedure yields different bandwidths for every dependent variable.

10Throughout the paper, | introduce a variety of “recidivism” measures. For example, | also esti-
mate equation (2.1) on “nancially motivated recidivism” and “non- nancially motivated recidivism.”
Financially-motivated recidivism is equal to one if the offender returns to prison with any crime that is
nancially motivated and is equal to zero if the offender returns to prison only with crimes that are not
nancially motivated or if the offender does not return to prison. Non- nancially motivated recidivism is
equal to one if the offender returns to prison only with crimes that are not nancially motivated and is equal
to zero if the offender returns to prison with any crime that is nancially motivated or if the offender does
not return to prison.

1 covariates are orthogonal to the treatment and explain recidivism, including them should tighten
my standard errors without changing the magnitude of my coef cients. | introduce controls for offender
characteristics and offense day-of-week xed effects in Table A2.5 and nd that the results are similar but
more precise.
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For example, when examining the effect of the ban on any recidivism, the optimal band-
width is 212 days from August 23, 1996 whereas the optimal bandwidtli?#2 days

when examining the effect of the ban on nancially motivated recidivism. In addition,
since | limit the data to offenses occurring after October 1, 1995, any bandwidth greater
than 327 days will be asymmetric. For these reasons, | also include results based on a
consistent bandwidth of 240 dayst?

The choice to focus on the local linear design is motivated by Gelman and Im-
bens (2018) who suggest using lower-order polynomials. However, in a working paper,
Card et. al (2014) argue that the optimal polynomial is dependent on the underlying
data generating process, and in some cases, higher-order polynomials are indeed optimal.
In addition, while | focus on the IK optimal bandwidth in this paper, other researchers
have designed alternative algorithms for choosing a bandwidth (Ludwig and Miller 2007;
Calonico, Cattaneo, and Titiunik 2014). | show that the main results are robust to higher
order polynomials, alternative kernels, and many alternative bandwidths.

The main identifying assumption with the regression discontinuity design is that
all unobserved determinants of recidivism are continuous with respect to the offense date
(Imbens and Lemieux 2008). This assumption, although inherently untestable, does yield
testable implications. First, the observable characteristics of offenders should be contin-
uous across the threshold. Second, the density of drug traf cking offenses should also be
continuous across the threshold. | test for discontinuous breaks in observed characteristics

at the cutoff by estimating the following:

12The bandwidth is convenient because it corresponds to an even number of months (8 months before
and after the cutoff) and is the average of the three IK optimal bandwidths for any recidivism, nancially
motivated recidivism, and non- nancially motivated recidivism rounded to the nearest ten
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Characteristi(f = a + bjAfter; + g(DaysFromCuto fif)+ (2.2)
g(DaysFromCutofif) After; + wij

whereCharacteristi€ is an indicator for whether or not the offendeon dayt
is black, male, their age at intake, their total sentence length, the type of drug they are
charged with traf cking, the number of prior offenses for which they have been convicted,
and the number of concurrent offenses for which they were convicted. In addition, | test
for a break in risk of recidivism. | calculate risk of recidivism using a logistic regression of
recidivism on all characteristics and age-squared. | run this regression for those offenders
not subject to the ban and not in the212 day IK bandwidth (those committing drug
traf cking from October 1, 1995 to January 24, 1996) and predict the “risk score” for
offenders in my sample.

Results from the “risk score” test are presented in Figure 2.1, while Table A2.2 and
Figures A2.1a-A2.1h show the results for each characteristic separately. If the identifying
assumption is violated, we would expect to see a signi cant difference in observable char-
acteristics after August 23, 1996,(6 0). | nd no evidence of sorting around the cutoff
on observable characteristics. | also run a regression of the dummy variable indicating
the offense was committed after the cutoff on total years sentenced, race, age, humber
of concurrent offenses offense, type of traf cking, sex, and number of prior offenses. A
joint signi cance test on the covariates in this regression further suggests no sorting oc-
curred near the cutoff (p-value=0.9504). These results lend credence to the assumption

that offenders, judges, police, and lawyers are not changing their behavior in response to
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the policy*3

In addition, | conduct a McCrary density test for excess mass in the number of
drug traf cking crimes on either side of the discontinuity (McCrary 2008). A spike in the
number of drug traf cking offenses after August 23, 1996 could suggest judges, police,
or lawyers are manipulating the offense date or offense classi cation to subject more
offenders to the SNAP ban. On the other hand, a signi cant drop in the number of drug
traf cking offenses after August 23, 1996 could suggest offenders are decreasing drug
traf cking activity once the policy goes into effect or that judges, police, or lawyers are
manipulating offense date or offense classi cation to help offenders avoid the ban. In
either case, this type of behavior would confound a causal estimate of the SNAP ban on
recidivism. | do not nd evidence that the number of drug traf cking offenses changes
after August 23, 1996. These results, in Figure A2.2, provide further evidence that the
identifying assumption is satis ed.

Although the tests reported in Figure 2.1, Table A2.2, and Figure A2.2 suggest no
sorting is happening near the cutoff in Florida, it is worth discussing a few context-speci ¢
details that may further ease concerns about sorting. When PRWORA was introduced,
it did not include the amendment that banned drug offenders from SNAP bene ts—this
amendment was introduced by Senator Phil Gramm on July 23, 1996, only a month before

President Clinton signed the bill into law (U.S. Congress 1996, S8498). This leaves a very

13The break in probability an offender is black before versus after the cutoff is not signi cant, but it is
large in the speci cation with the 240 day bandwidth. Including a control for race in the main regression
yields similar results in size and signi cance. Without controlling for race, the coef cient is 0.095. When
| control for race, the coef cient is 0.103. In addition, | am testing several different characteristics with
several different bandwidths. Importantly, when | combine these characteristics into a composite risk score,
I nd no break at the cutoff, and when | do a joint signi cance test of all characteristics, | nd no evidence
of a change in the characteristics of offenders at the cutoff.
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short amount of time for information about the ban to disseminate to offenders, judges,
police, prosecutors, or anyone else who could feasibly induce sorting. Even more, as the
President had vetoed the previous two welfare reform bills, there was at least some uncer-
tainty over whether or not the bill would become law (Haskins 2006). Finally, although
PRWORA as a whole was widely covered by news outlets at the time, the ban on drug

felons received little to no publicity?

2.6 Results

2.6.1 Main Results

| begin by estimating the effect of the SNAP ban on any recidivism using the sharp
cutoff date of the ban. Since | do not have access to SNAP administrative records, the
effects estimated in this paper should not be interpreted as the average or local average
treatment effect of SNAP receipt on recidivism. Rather, the results should be interpreted
in one of two ways. First, as an intent to treat (ITT) effect, which can then be scaled up
by the SNAP take-up rate among former offenders to estimate the local average treatment
effect of SNAP receipt. Second, the ban itself may affect recidivism even apart from
actual SNAP receipt. If the potential of receiving SNAP has insurance value, the ban may

affect decision-making even among offenders who would not receive SNAP. In this case,

14searches for the phrases “food stamps felon”, “food stamps crime” and “welfare felon” in LexisNexis
return zero news articles from August 22, 1995 to August 22, 1997. The phrases “food stamps ban” and
“food stamps drug” turn up only two articles—one about the PRWORA work requirements and the ban on
noncitizens and the other detailing a case of Food Stamps fraud. In addition, a search of the Vanderbilt
Television News Archive reveals 12 major news broadcasts over this period about “food stamps.” All of
these segments are under 4 minutes long and based on the descriptions, they are broad discussions of the
1996 welfare reform. It does not appear that the ban on felony drug offenders was a particularly salient
piece of the welfare overhaul in 1996.
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the results should be interpreted as the local average treatment effect of the SNAP ban on
recidivism.

The main results are in Table 2.3 below. In Panel A, | show results using the Imbens-
Kalyanaraman (IK) optimal bandwidth and in Panel B, | show results using a bandwidth
of 240 days. | will discuss results in terms of Panel B to make comparisons across anal-
yses easy. Column (1) of Panel B shows the effect of the SNAP ban on any recidivism
(ever returning to a Florida state prison). | estimate that the SNAP ban increased any re-
cidivism among drug traf ckers by about 9.5 percentage points on average. The baseline
recidivism rate for drug traf ckers committing their crime in the 240 days prior to the
cutoff date is about 16.4 percent. This implies that the SNAP ban increased recidivism
among drug traf ckers by about 58 percent.

Admittedly, an effect of this magnitude is large and at rst blush, might seem un-
realistic. First, note that the 9.5 percentage point estimate is only the point estimate.
Because the sample size is small, the estimates are noisy and the con dence interval is
large. For example, the 90 percent con dence interval for the estimate in column (5)
of Table 2.3 is (0.017, 0.172), which implies the SNAP ban increased recidivism among
drug traf ckers by about 10 percent to 105 perc&hSecond, even large estimates may
be reasonable when we consider that the SNAP bene t is a substantial chunk (about 20
percent) of gross income for men receiving SNAP in Florida.

In addition, SNAP bene ts are an important resource for ex-offenders. Recall that

15A 10 percent increase in recidivism is reasonable and in line with other papers in this eld. Yang
(2017a) nds that SNAP bans increase 1-year recidivism rates by about 13 percent. Yang (2017b) nds that
a 5 percent increase in real wages due to local labor market opportunities decreases recidivism by about
2.3 percent—extrapolating this based on Table 2.2, a 25 percent increase in real wages due to SNAP receipt
would decrease recidivism by 11.5 percent. Finally, several earlier papers found that giving unemployment
assistance to released offenders decreased probability of re-arrest by 8 to 27 percent.
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approximately 70 percent of the former inmates in the Boston Reentry Study report re-
ceiving SNAP bene ts even just two months after release (Western et al. 2015). Sugie
(2012) also nds that about 70 percent of families in the Fragile Families & Child Well-
being Study with a recent paternal incarceration report receiving SNAP in the past year.
The Panel Study of Income Dynamics asks respondents in 1995 if they have ever been in
the corrections system (jail, prison, youth corrections). Almost 50 percent of respondents
who answered yes to that question were in families that reported receiving SNAP at some
point from 1995-2013%

Finally, it is easy to assume that former drug traf ckers are not reliant on SNAP be-
cause drug traf cking is potentially lucrative. However, when these offenders are released
from prison, they do not automatically return to drug traf cking. The key idea in this pa-
per is that former drug traf ckers choose a number of hours to work in the illegal sector
and that access to SNAP informs that choice. | argue that former drug traf ckers who are
banned from SNAP do choose to work more hours in the illegal sector, and thus, will be
more likely to return to prison. In addition, it is not even clear that active drug traf ckers
earn a substantial income, on average. For example, a person is charged with traf cking
heroin in Florida if they sell, manufacture, or distribute 4 grams of heroin. While 4 grams
of heroin has a value of approximately $1,000 according to the Drug Enforcement Ad-

ministration (2015), this does not imply that the traf cker nets a pro t of $1,000. Work

16Als0, a 58 percent increase in recidivism is not far from some others in the literature. Carr and Packham
(2017) nd that the timing of SNAP receipt alone decreases grocery store theft in Chicago by 32 percent.
Di Tella and Schargrodsky (2013) nd that electronic monitoring of inmates (relative to imprisonment)
reduces rearrest by half of baseline. Hansen (2015) uses a discontinuity in driving under the in uence
(DUI) punishments and nds that being charged with an “aggravated DUI” reduces reoffending by 27
percent. Finally, Aizer and Doyle (2015) nd that incarceration as a juvenile increases likelihood of adult
incarceration (by the age of 25) by about 70 percent.
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by Levitt and Venkatesh (2000) suggests that even “of cers” (the position above “foot
soldier” but below “gang leader”) in a drug-selling gang earn approximately $1,400 per
month (in 2010 dollars). Foot soldiers earn even less at around $200 per month (in 2010
dollars)’

In columns (2) and (3), | estimate the effect of the SNAP ban on probability of -
nancially motivated recidivism and probability of non- nancially motivated recidivism. |
nd the effect is completely driven by recidivism for nancially motivated crimes. Col-
umn (2) of Panel B suggests that the SNAP ban increases nancially motivated recidi-
vism by 10 percentage points while column (3) suggests the ban had no detectable effect
on non- nancially motivated recidivism. The total increase observed in Column (1) was
9.5 percentage points. This implies that 100 percent of the increase in the probability of
returning to prison comes from offenders committing crimes that have monetary compen-
sation. Pre-existing differences in the types of crimes drug traf ckers returned to prison
for cannot account for this result. Drug traf ckers who committed their offense in the 240
days prior to the cutoff date were equally likely to return to prison for both nancial and
non- nancial crimes. Finally, the increase in recidivism for nancially motivated crimes
is signi cantly different from the change in non- nancial crimes at the 5 percent level
(p-value=0.0427).

Figure 2.2 and Figures 2.3a-2.3b present visual evidence of the results in Table 2.3.

I7Levitt and Venkatesh also discuss legal sector employment, noting that around 80 percent of foot sol-
diers are employed in the legal sector at some point in a given year. However, these are not stable jobs
(only 40-50 percent of foot soldiers are employed at any given time) and the jobs tend to be low-wage
service-sector work. Levitt and Venkatesh further stress that both foot soldiers and of cers report living
with family because they cannot afford their own housing. Finally, to the extent that access to SNAP in u-
ences how much time (if any) to allocate to illegal work post-release, that decision should be re ected in
the probability of recidivism.
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The gures show linear polynomials ( tted on the underlying data) overlaid on scatter
plots of recidivism outcomes collapsed to 30-day bin averages. In Appendix A, | in-
clude Figures A2.4a-A2.4f, which show both quadratic and kernel-weighted, smoothed
polynomials versions of Figures 2.2-2.3b. To further demonstrate the robustness of the
main results to choice of bandwidth and polynomial, | show the results of local linear,
quadratic, and cubic regressions for bandwidths of 30-1080 days in Figures A2.5a-A2.5c.
In Tables A2.6-A2.8, | report results from Probit, Logit, and Cox Hazard estimations, all
of which are consistent with the main results in Table 2.3.

Since most drug traf ckers in my sample never return to prison the data used in
the analyses discussed above include many zeroes. To address concerns about over-
dispersion, | collapse the data to 15-day bin averages, and redo the main analysis using
OLS on the binned data (weighted by the number of observations in each bin). In these
regressions, the dependent variable is the average recidivism rate for all offenders in a
given 15-day bin. Likewise, the running variable, distance from August 23, 1996, takes
on the average value of distance for all offenders in a bin. Binning also facilitates analyz-
ing the data as count data in a Poisson model and as time-series data. | also control for
the number of Fridays in each bin. These results are reported in Tables A2.9-A2.12 and
Figure A2.6, and are also consistent with the ndings in this paper. The evidence here
and in Appendix A suggests that the SNAP ban increased the probability of recidivism

for drug traf ckers.
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2.6.2 Heterogeneity Tests

The effect of the SNAP ban may be exacerbated by certain factors. The model
in Appendix C predicts that when legal labor market opportunities are more scarce, the
banned offenders will be more likely to turn to the illegal labor market. | test this in two
ways. First, the effect of the SNAP ban should be smaller when ex-offenders face a tight
labor market and increasing legal labor supply becomes more feasible. | interact the state-
level unemployment rate at the month of the offender’s release with all other variables in
equation (2.1), and present the results in Table A2.16 (Bureau of Labor Statistics (BLS)
1996-2016). The effect is not statistically different from zero, but the point estimates im-
ply the ban increases recidivism more for offenders released in poor legal labor markets.
Second, evidence suggests that ex-offenders who are black face heightened discrimination
in the legal labor market. If the SNAP ban does affect recidivism via work incentives, we
should see stronger effects for black offenders. These results are in Table A2.17. Again,
the estimates on the interaction between race and the cutoff are all positive, as expected,
but they are not statistically different from zero.

| also investigate how the SNAP ban affects timing of re-incarceration. To do this,
| estimate the effect of the ban on the probability the offender returns to prison in 0 to 5
years and the effect of the ban on the probability the offender returns to prisonin 5 to 10
years. These results, presented in Table A2.18, suggest that the effect of the ban is slightly
focused in earlier years rather than later years. Also, in Figure A2.7, | show the effect of
the ban on recidivism within 1-year windows. Again, these results show that the increase

in recidivism due to the ban is occurring in both earlier years and later years though more
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so in earlier years. It is dif cult to interpret these results since time to re-incarceration is
a function of both the time it takes for an ex-offender to re-enter the illegal labor market
and the time it takes for an ex-offender to be caught once they re-enter. In addition, SNAP
generosity and ABAWD waivers both vary over time.

Finally, | compare the effect of the SNAP ban on the probability an offender recidi-
vates in a month (using month of offense) and county (using county of conviction) when
the ABAWD work requirement is waived and the effect of the SNAP ban on the probabil-
ity an offender recidivates in a month and county when the ABAWD work requirement is
in effect (Florida Department of Children and Families (FL DCF) 1996-2016). When the
ABAWD work requirement is waived, able-bodied adults without dependents who are not
banned from SNAP can receive SNAP bene ts even if they are unemployed and not en-
rolled in employment/training programs. Figure A2.9 displays the geographic variation
in county-level ABAWD work requirement waivers for 1996, 1998, 2000, 2004, 2006,
and 20088 If the main results are due to SNAP receipt, then the increase in recidivism
as a result of the ban should be driven by increased recidivism occurring in months and
counties with ABAWD waivers. This is when the disparity in transfer income between
the control group (not banned from SNAP) and the treatment group (banned from SNAP)
is the greatest. In Table A2.19, | show that the increase in recidivism is concentrated in

months and counties when the ABAWD work requirements are waitéd.

18] do not show 2002 or years after 2008 because nationwide ABAWD waivers are in place. An anima-
tion showing the geographic variation in waivers from January 1996-December 2008 can be found here:
https://www.dropbox.com/s/kufglieiwtjmOb6/Waivers%20by%20County-Month.gif?dI=0

19At a bandwidth of plus-or-minus 240 days from the cutoff date, the effect of the ban on recidivism
when the ABAWD requirement is waived is statistically different from the effect on recidivism when the
ABAWD requirement is in effect at the 5 percent level (p-value=0.0461) in the local linear model.

20| present alternative versions of this test in Tables A2.20 and A2.21.
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2.6.3 Placebo Tests and Threats to Validity

Florida modi ed the Federal SNAP ban to exempt offenders convicted of drug pos-
session or selling, manufacturing, and distributing (SMD) drugs; however state lawmak-
ers did not pass legislation modifying the ban until May 1997 (Government Accountabil-
ity Of ce (GAO) 2005)2 If the results in this paper are driven by endogenous sorting
around the cutoff, we should also nd effects for offenders committing SMD since alll
available information as of August 23, 1996 indicated that the ban would apply to those
offenders. These results are in Figure 2.4a and Table A2.22. | nd no effect for SMD
offenders, which further suggests that the effect for drug traf ckers is not driven by en-
dogenous sorting at the cutoff. | also estimate the effect of the SNAP ban with a regression
discontinuity difference-in-differences design, using SMD offenders as a control group.
Using the 240 day bandwidth, this strategy yields a coef cient estimate of about 9.5
percentage points.

Figure 2.4b and Table A2.23 display another placebo test examining recidivism for
all non-drug offenders around the cutoff date. These offenders were never banned from
SNAP as part of the federal policy, and thus their behavior should also be unaffected by
the cutoff date. I nd no change in recidivism for these offenders. | conduct additional
placebo tests using all offenders convicted of a DUI, drug possession, property crime, and
violent crime in Table A2.24 and Figures A2.11a-A2.11d. | nd no evidence of increased
recidivism after the cutoff date for these offenders.

One major concern with regression discontinuity designs that use time as the run-

21The sample of people who committed SMD or drug traf cking consists almost entirely of people who
were incarcerated for over a year.
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ning variable is that the policy cutoff date coincides with a seasonal pattern. If the re-
sults in this paper are driven by a general seasonal trend in the relationship between
recidivism and date of offense or a trend speci c to 1996, the placebo tests in Figures
2.4a-2.4b, Tables A2.22-A2.24, and Figures A2.11a-A2.11d should also recover positive
estimates—they do not. However, it is possible that there is spurious seasonality around
August 23 that is speci c to drug traf ckers. To rule out this explanation, I run 16 placebo
regressions, one for each August 23rd from 1997-281Por example, in the 1997 re-
gression, | code the variabldsfter; andg(DaysFromCutofif) as if the cutoff date is
August 23, 1997. | do not include years after 2012 since offenders committing crimes in
those years have little time to recidivate. | use a bandwidthI80 days in each regres-

sion to avoid overlapping observations in the tests. The distribution of coef cients from
these regressions is in Figure 2.5. Standard regression discontinuity plots for all years
from 1997-2012 are included in Figure A2.12. In addition, | estimate a regression discon-
tinuity difference-in-differences design using all August 23rds from 1996-2012. | exclude
August 23, 1998 and August 23, 1999 from this test because two criminal justice policies
affecting drug traf ckers were introduced in Florida in those ye&dr$he results in Table
A2.25 provide further evidence that seasonality in the relationship between offense date

and recidivism cannot explain the ndings in this paper.

22Ganong andaer (2018) suggest a similar exercise designed to test the signi cance of the estimated
effect using randomization inference. Results from that test are plotted in Figure A2.14.

23To determine which years to exclude | refer to the document covering years 1980-2002 here:
http://www.dc.state. .us/pub/history/index.html. For years after 2002, | search the phrase “Florida’ ‘com-
mitted on or after' 'YYYY"™ where “YYYY” is the year in question. | examine the rst page of search
results, and if a policy that affects drug traf ckers is mentioned, | exclude that year. Through this process,
| exclude 1998 and 1999. In October 1998, Florida overhauled their criminal justice system with a new
“punishment code” that lowered the requirements necessary to receive a prison sentence. In July 1999,
Florida instituted mandatory minimums for drug traf cking offenses.
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Placebo tests using different crimes around August 23, 1996 rule out threats to
validity that would affect multiple types of crime in 1996. Similarly, placebo tests using
drug traf ckers around other August 23rds rule out threats to validity that would affect
drug traf ckers in all years. Still, it is possible that some other event occurred near August
23, 1996 that affected only drug traf ckers. While | cannot nd any information about
other potential treatments in Florida around this time, | also show results of a test designed
to detect other signi cant breaks in my bandwidth. This test, designed by Card, Mas, and
Rothstein (2008), detects August 29, 1996 as the true cutoff date. August 29, 1996 is only
six days from the policy cutoff date. In fact, the fteen placebo dates with the highest R-
squared are all within 9 days of August 23, 1996, and August 23, 1996 yields the fourth
highest R-squared. Dates near September 27, 1996 also return high R-squared. | check
again in Florida and at the Federal-level for other polices enacted around September 27,
1996—I do not nd any. These placebo results provide further evidence that the SNAP
ban causally affects the recidivism outcome of drug traf ckers.

| interpret the increase in nancially motivated crimes as an increase in the illegal
labor supply of ex-offenders. However, a more subtle interpretation is that ex-offenders
not subject to the SNAP ban face a bigger deterrent to committing drug traf cking than
ex-offenders subject to the ban—those not subject to the ban initially will lose access
to SNAP if they commit drug traf cking after they are released since the ban applies to
anyone who commits drug traf cking after August 23, 1996. This is an important concern
for my analysis since these two interpretations yield different policy implications. If the
ban increases the recidivism of banned offenders by pushing them into illegal work, that

IS a negative consequence that should be factored into policy discussions. If the ban
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decreases the recidivism of non-banned offenders by deterring them from drug traf cking,
that is a positive consequence that should be considered in policy discussions.
Fortunately, the deterrence hypothesis yields a testable implication. If the increase
in recidivism is driven by non-banned offenders deterred from future drug traf cking,
then the increase should be concentrated in an increase in recidivism for drug traf cking
crimes. | nd no detectable increase in recidivism due to future drug traf cking. However,
| do nd statistically signi cant increases in recidivism for other nancially motivated
offenses. The results in Figures 2.6a-2.6b and Table A2.26 indicate that banned offenders
are 8.9 percentage points more likely to return to prison due to a nancial crime that
is not drug traf cking and only 1.1 percentage points more likely to return with a drug
traf cking offense. Recall that the total effect on nancial recidivism is a 10 percentage
point increase. This suggests that only 11 percent of the total effect can be explained by

the deterrence hypothesis.

2.7 Conclusion

SNAP provides valuable assistance to millions of low-income Americans. How-
ever, many ex-felons, a particularly needy and at-risk population, are excluded from
SNAP. This paper provides evidence that denying drug offenders SNAP bene ts has in-

creased their likelihood of recidivism. Standard econometric tests for breaks in the data as

24/ similar alternative explanation is that all offenders return to drug gangs upon release and that those
gangs allocate their “banned” members to riskier crimes since they have less to lose if they are caught.
Being assigned to carry out riskier crimes thus leads to increased recidivism for those subject to the SNAP
ban. | also estimate the effect of the SNAP ban on recidivism for theft, a crime that | assume drug gangs
are less likely to be in the business of committing (only 23 percent of offenders who have served time for
selling, manufacturing or distributing drugs in the data have also served time for a theft charge). | nd that
offenders subject to the SNAP ban are indeed more likely to return to prison for theft.
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well as institutional features of the policy change alleviate concerns about sorting threats
to the regression discontinuity identi cation. Also, it does not appear that the ban was
widely publicized in the year prior to August 23, 1996 or in the year following August
23, 1996. This main result speaks to an important policy discussion about state repeals of
these bans.

Looking closely at the types of crimes that land these offenders back in prison, | nd
that the increase in recidivism is driven by crimes that have a monetary motive (property
crimes, selling drugs, etc.) rather than crimes like drug possession or violent crimes.
This result contributes to a literature on the labor supply effects of transfer programs,
and highlights the importance of acknowledging the illegal labor margin when designing
policies and programs that affect work incentives.

Using the estimate of the effect of the SNAP ban, | provide a back-of-the-envelope
calculation of the cost associated with the increased recidivism. For every offender who
recidivates because of the SNAP ban, Florida pays the cost to incarcerate that offender
and the citizens of Florida suffer costs of victimization.Using existing estimates of
the marginal cost of incarceration and costs of victimization, | derive the cost of banning
an extra drug offender. Cost per offender is de ned as (Marginal Increase in Probability
of Offending due to the Ban)(Marginal Cost of Year of Incarceration]Mean Years

Sentenced)(Marginal Increase in Probability of Offending due to the BagVictim

25The “marginal cost” of incarceration is a term used by the Department of Justice de ned as “the direct
care cost incurred [...] to house an inmate [...] includes the cost of feeding, clothing, and providing medical
care for an inmate.” This number is signi cantly lower than the “average cost” of incarceration which takes
into account xed costs, and using it in the cost-bene t analysis leads to a more conservative estimates
of the costs. Also, in calculating the societal cost of the ban, | ignore the cost of providing released drug
traf ckers SNAP bene ts. However, if we ignore the private bene t of SNAP to drug traf ckers, taxpayers
in general do save money by denying SNAP bene ts to all drug traf ckers.
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Cost). More details on this calculation are shown in Appendix D. Assuming the ban
increases recidivism by about 9 percentage points (the point estimate from the main re-
sults), I nd the societal cost of the ban in Florida is about $3,700 per banned offender.
With approximately 19,000 banned offenders, this implies the ban has cost Florida over
70 million dollars to date, a number that grows with every new traf cker who resorts to
crime to make up for the lost bene ts.

Ultimately, analysis of the SNAP ban speaks to prisoner reentry policy in general
as well as the work incentives associated with transfer programs. Even more, analysis of
the ban contributes to an active policy discussion about the repeal of these bans. In April
2016, Georgia's Governor Nathan Deal signed a law modifying the SNAP ban, joining
Texas and Alabama, the two other states that modi ed the ban in 2016 (Phillips 2016).
The SNAP ban continues to affect the day-to-day life of drug felons in 27 states, and it is

certainly a relevant and important topic for future research.
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Chapter 3: Racial Disparities in Federal Sentencing:

Evidence from Drug Mandatory Minimums

3.1 Introduction

Racial differences in sentencing are a persistent concern in America. In recent fed-
eral cases, black offenders face sentences that are 20 percent longer than the sentences
handed down for white offenders (United States Sentencing Commission (USSC) 2017).
These added years are costly for society at large and for the people incarcerated. The
Bureau of Prisons (BOP) estimates the direct care cost of incarcerating a person is about
$11,000 (in 2015 dollars) per year (US Department of Justice (DOJ) 2011). Mueller-
Smith (2015) estimates an additional year in prison causes a 30 percent decrease in for-
mal earnings post-release and signi cant lost wages while incarcerated. Even more, those
incarcerated must confront serious physical and psychological costs of prison, in addi-
tion to the more intangible cost of their lost freedom (Haney 2001; The Hamilton Project
2016; BOP 2020). Due to racial sentencing disparities, these costs are disproportionately

borne by black and Hispanic offendérsor policy to confront these disparities, we must

In the USSC variabl@ewrace four values are recorded for the offender's “race’—(1) non-Hispanic
white, (2) non-Hispanic black, (3) Hispanic, and (4) other. As such, throughout the paper, | will frequently
use the term “race” in reference to Hispanic ethnicity to be consistent with this terminology used in the
USSC data.
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understand the root causes. One explanation for disparate sentences is that people of dif-
ferent races are differenpon entryinto the criminal justice system. Another explanation,
however, is thasfter entryinto the system, people are treated differently by race.

In this paper, | examine racial sentencing disparities and test the second expla-
nation: that agents in the criminal justice system (police, prosecutors, judges, etc.) treat
black and Hispanic defendants differently than similar white defendaftsdo this, | fo-
cus on federal crack-cocaine cases and the application of mandatory minimum sentences.
Approximately 20 percent of all federal drug cases involve a crack-cocaine offense, and
racial sentencing differences are particularly large in these cases. In 2016, black and His-
panic crack-cocaine offenders were sentenced to over 6 years, on average, compared to
only 3.5 years for white crack-cocaine offenders (USSC 2017). In addition, the struc-
ture of mandatory minimum sentencing and recent changes in crack-cocaine mandatory
minimums provide a unique opportunity to study discretion and racial disparities in the
criminal justice system.

In federal drug traf cking cases, a mandatory minimum sentence is triggered if
the drug traf cking crime involves an amount of drugs equal to or above a threshold
amount. This sentencing cliff generates strong incentives for law enforcement agents.
Legal rules about police sting operations and the type of evidence admissible in federal
court give both police and prosecutors power to in uence the amount used in sentencing.
If police or prosecutors want to increase the likelihood of a harsh sentence, they can

use their discretion to move the amount of drugs to the threshold amount or just above

2] use the term “offender” to describe someone in the nal sentencing data or someone who has com-
mitted an offense (e.g. when talking about offender responses to the Fair Sentencing Act). Otherwise, | use
the term “defendant.”
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it. This paper studies whether police or prosecutors respond to this sentencing incentive
and whether their responses are racially disparate. Speci cally, | test for an excess mass
(or bunching) of cases at and above the mandatory minimum threshold (i.e. the use of
discretion to increase the likelihood of a harsh sentence) and for differences in the excess
mass by race (i.e. a racial disparity in the use of discretion).

With the Fair Sentencing Act (FSA) in 2010, the 10-year mandatory minimum
threshold for crack-cocaine was increased from 50g (i.e. 50 grams) to>2&Jgck-
cocaine is the only drug for which the federal mandatory minimum threshold has changed
since the adoption of mandatory minimums in the 1980s. The shift to 280g is especially
useful since the new threshold is set at a point with zero bunching prior to 2010. All other
mandatory minimum thresholds are set at somewhat natural bunching points (50g, 500g,
1000g) that do not vary over tinfe.

Using this time variation in the mandatory minimum threshold, | implement a
difference-in-bunching design where | rst assume the pre-2010 distribution of drug
amounts is a good counterfactual for the post-2010 distribution (i.e. what the post-2010
distribution would look like with the pre-2010 thresholds) (Kleven 2016). | nd the frac-

tion of cases bunched at and above 280g increases after 2010, and that the increase is

3The FSA also shifted the 5-year threshold from 5g to 28g. | focus on the higher, 10-year mandatory
minimum threshold for drugs in this paper. There are two reasons why | do not study bunching at 289
of crack-cocaine (the lower, 5-year mandatory minimum threshold) in detail. First, 28g is below the pre-
2010 10-year mandatory minimum threshold of 50g-this yields incentives for prosecutors to shift cases that
would have been charged both above 50g into the 28-50g range and cases that would have been charged
below 50g into the 28-50g range. Second, estimating whether the racial disparity in bunching is conditional
on underlying observed drug amount requires a range below the threshold that is not subject to strategic
sentencing incentives. This is a reasonable assumption for the 60-280g range pre-2010, but would not be a
reasonable assumption for the 6-28g range pre-2010 because those cases may be bunched at 50g.

4These amounts exhibit bunching in all drug types, even for drugs where they are not the relevant
thresholds. | expect this bunching is due to a “round number” bias by police, prosecutors, offenders, etc.
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much larger for black and Hispanic offenders than for white offendléthien show fur-

ther evidence that, under a few additional assumptions, this disparity in bunching at 280g
is conditional on the observed drug traf cking of offenders and is not due to a difference
in underlying observed drug traf cking by race.

To be clear, this is not intended as an evaluation of the FSA, which is likely re-
sponsible for a decline in sentences after 2010 (USSC 2015a). Rather, these results imply
that police or prosecutors dampened the effect of the FSA by increasing the drug amount
charged for some defendants. In addition, these results do not imply that the use of discre-
tion or a racial disparity in the use of discretion began after 2010. Instead, | take the shift
to 2809 as an opportunity to detect these behaviors that are otherwise dif cult to detect.

| use data at multiple stages in the criminal justice process to estimate who is re-
sponsible for the bunching at 280g. First, | use drug seizure records on quantities and
prices and survey data on drug use and selling to show that offenders do not respond to
the relaxed sentencing rules in a way that would induce this increase in cases at 280g
(or the disproportionate increase by race). Second, since the bunching occurs in federal
sentencing, it is possible that more cases with drug quantities at or above 280g are sent
to federal court after 2010. | examine data on state-level drug convictions from Florida,
and | do not nd a shifting composition of cases after 2010. Third, local and federal law
enforcement can in uence the drug quantity involved in an offense by choosing amounts
involved in sting operations. However, the data on drug seizures made by local and federal

agencies do not show increased bunching at 280g after 2010.

5Note, | do not nd evidence of bunching just below 280g for the drug amount used in sentencing.
Moreover, comparing the pre-2010 and post-2010 distributions of crack-cocaine amounts suggests that
these are cases that, had they been sentenced prior to 2010, would have been recorded below 280g.
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Finally, prosecutors can legally in uence the drug quantity involved in an offense
because, according to the USSC Guidelines, the quantity of drugs used to determine sen-
tencing is not strictly tied to the quantity found on the offender at the time of arrest
(USSC 2015b). I do nd bunching at 280g after 2010 in case management data from
the Executive Of ce of the US Attorney (EOUSA). | also nd that approximately 30%
of prosecutors are responsible for the rise in cases with 280g after 2010, and that there
is variation in prosecutor-level bunching both within and between districts. Prosecutors
who bunch cases at 2809 also have a high share of cases right above 28g after 2010 (the
5-year threshold post-2010) and a high share of cases above 509 prior to 2010 (the 10-
year threshold pre-2010). Also, bunching above a mandatory minimum threshold persists
across districts for prosecutors who switch districts. Moreover, when a “bunching” pros-
ecutor switches into a new district, all other attorneys in that district increase their own
bunching at mandatory minimums. These results suggest that the observed bunching at
sentencing is speci cally due to prosecutorial discretion.

The US Supreme Court issued a 5-4 decisioAlieyne v. United Statesn June
17, 2013 that changed the evidentiary standard necessary for facts that raise a defendant's
exposure to mandatory minimum sentencing (Bala 2015). Previously, prosecutors could
present evidence on drug quantities to the presiding judge, and the judge would decide,
based on the preponderance of evidence, whether the mandatory minimum applied. The
Supreme Court ruling iAlleynerequires that prosecutors present this evidence to the jury,
which evaluates it based on the stricter “beyond a reasonable doubt” standard. The case
management data from the EOUSA show that from 2011-2013, approximately 9.1% of

cases were recorded in the range of 280-290g. From 2014-2016, however, 6.8% of cases
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were recorded in the 280-290g range. Using a difference-in-discontinuities design, | show
that the practice of bunching ballooned in the run ug\lieyne and that this bunching

was reined in by the Supreme Court decision (though it was not eliminated entirely). This
suggests prosecutors were submitting evidence under the judicial fact- nding system that
would not hold up under the scrutiny of a jury.

After documenting a racial disparity in bunching at 280g and studying the role
of prosecutorial discretion in producing that disparity, | then explore whether the racial
disparity could be attributed to taste-based discrimination from prosecutors. Since pros-
ecutor tastes are unobservable, | focus on testing alternative explanations and, in doing
so, | demonstrate that taste-based discrimination remains a viable explanation after ac-
counting for several alternatives. | introduce a simple model of prosecutor objectives and
discuss four potential sources of the racial disparity. First, | explore the possibility that
the racial differences in bunching at 280g are driven by another a factor correlated with
race. | show that racial differences in bunching exist even among observably similar of-
fenders. For example, the increase in cases at and above 280g for black and Hispanic
offenders with a college education is larger than the increase for white offenders with
a college education. This is true for interactions with individual characteristics such as
sex, age, criminal history, and other elements of the current offense. It is also true for
interactions with district-level characteristics such as fraction of offenders who are white,
pre-2010 plea rates, and pre-2010 fraction of cases declined. Race is a consistent factor
in determining the amount of bunching at 2809 after 2010.

Next, | test whether the disparity could be the result of racial differences in costs to
the prosecutor of charging a defendant with 280g. Costs to the prosecutor are determined
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by defense attorneys, judges, potential juries, and other actors involved with the case.
First, | show that there is no difference in type of defense attorney retained by race for
federal crack-cocaine cases. Second, the increase in bunching at 2809 is similar in dis-
tricts with high versus low pre-2010 rates of private counsel retention. Third, | show that
bunching at 280gq is unrelated to judge race or political party and that, unlike prosecutors,
judges with a high share of cases at 2809 post-2010 are not any more likely to have cases
at 289 post-2010 or at 50g pre-2010. Fourth, the increase in bunching at 2809 is similar
in districts with high versus low fractions of cases declined due to “weak evidence” or
“lack of resources.” These analyses suggest the racial disparity in bunching is not caused
by racial differences in defense counsel, that bunching is not related to judges or judge
characteristics, and that costs of developing a case are not a major determinant of the rise
in bunching at 280g.

Finally, | consider statistical versus taste-based discrimination. |1 show that the racial
disparity in bunching can be almost entirely explained by a measure of state-level racial
animus based on Google search data developed by Stephens-Davidowitz (2014). In other
words, black and Hispanic offenders convicted in states with higher levels of racial ani-
mus are more likely to be bunched at 280g than white offenders convicted in those states.
In states with lower levels of racial animus, however, black, Hispanic, and white offend-
ers are all equally likely to be bunched at 280g. The persistent racial differences even
after controlling for and interacting race with observables, the within-district variation in
prosecutor-level bunching, and the correlation between the racial disparity in bunching
and state-level racial animus all support a model of discrimination in which the dispro-
portionate use of discretion is a result of prosecutor tastes. Of course, a more detailed
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model of statistical discrimination could incorporate those facts, and | cannot reject such
a model.

Taken together, these results suggest a subset of federal prosecutors use their dis-
cretion to tag some defendants with drug amounts that will trigger mandatory minimum
sentences, and that they do this disproportionately for black and Hispanic defendants.
Even more, the decrease in bunching after the Supreme Court tightens evidentiary stan-
dards inAlleynesuggests these cases are reliant on relatively weak evidence. In several
additional analyses, | rule out various explanations for why the racial disparity exists, but
| am unable to rule out a simple model of taste-based discrimination.

Broadly, this paper adds to an extensive literature on racial disparities and discrim-
ination in the criminal justice system (e.g. Knowles, Persico, and Todd 2001; Anwar and
Fang 2006; Grogger and Ridgeway 2006; Antonovics and Knight 2009; Anwar, Bayer,
and Hjalmarsson 2012; Rehavi and Starr 2014; Pfaff 2017; Arnold, Dobbie, and Yang
2018; West 2018; Sloan 2019). The vast majority of papers on this topic focus on racial
bias from police of cers and test for bias in two ways: (1) using a version of the outcome
(or hit-rate) test proposed by Becker (1957) or (2) by documenting same-race versus
other-race bias.

Along with recent work by Anbarci and Lee (2014) and Goncalves and Mello

(2018), I implement a new test for racial bias in criminal justice that uses insights from
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the bunching literatur&.” Both Anbarci and Lee (2014) and Goncalves and Mello (2018)
study the prevalence of police of cers discounting speeding tickets by race. They show
substantial bunching just below the point where the ne increases. Both papers argue that
this is a result of of cer leniency and that of cers exhibit racial bias in their lenighty.
contribute to this literature by examining racial bias from prosecutors (a relatively under-
studied group), and by showing racial differences in bunching at the point where sentences
increase.

This paper also contributes new evidence to the empirical literature on prosecuto-
rial discretion and decision-making (e.g. Glaeser, Kessler, and Piehl 2000; Bjerk 2005;
Boylan 2005; Shermer and Johnson 2010; Rehavi and Starr 2014; Yang 2017; Nyhan and
Rehavi 2017; on defense attorneys: Agan, Freedman, and Owens 2018; Arora 2018; Carr
and McClain 2018; Sloan 2019). Bjerk (2005), for example, nds that prosecutors are
more likely to charge defendants with a misdemeanor if a felony charge would invoke a
“three-strikes” sentence. Sloan (2019), using random assignment of prosecutors to cases
in New York County, shows that being assigned to an opposite-race prosecutor increases
a defendant's likelihood of conviction, particularly in property crime cases.

The most closely related work, Rehavi and Starr (2014), nds that black offenders

5Note, my paper is not the rst to acknowledge the existence of bunching in the amount of drugs
recorded in US federal sentencing or the possibility that it could be used as a test of prosecutorial dis-
cretion and discrimination. However, this paper is the rst, to my knowledge, to take advantage of the time
variation in the crack-cocaine 10-year mandatory minimum threshold to isolate bunching that is solely due
to the prosecutor. In addition, | examine data at multiple stages in the criminal justice process and conduct
several additional empirical tests that all suggest bunching is due to prosecutorial discretion and negatively
affects minority defendants. Related work in this area is discussed in more detail in Section 3.2.1

"Recently, economists have also studied bunching around cliffs and notches in test scores as evidence
of manipulation in educational settings. See Diamond and Persson (2017) and Dee et al. (2017).

8Anbarci and Lee (2014) show that white of cers discount more for white drivers and black of cers
discount more for black drivers. Goncalves and Mello (2018) demonstrate that only some of cers practice
this leniency and that those of cers are, on average, more lenient toward white drivers than minority drivers.
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receive harsher sentences than white offenders arrested for the same crime. Using linked
data from US Marshals, US courts, and US federal sentencing, they show that this dispar-
ity is driven by prosecutorial discretion over initial charging decisions, in particular, the
decision to bring a charge with a mandatory minimum sent@roehis paper, | provide
novel evidence that prosecutors are selectively harsh by race using a new source of iden-
ti cation—the sharp change in the crack-cocaine mandatory minimum threshold. | argue
that the sudden increase in cases just meeting that threshold is indicative of discretion,
and that the burden of this discretion falls disproportionately on black and Hispanic of-
fenders. Through a series of tests, | nd that prosecutors are responsible for the increase
of cases at 280g. In addition, | quantify the fraction of prosecutors exercising this type of
discretion, and | show that this can be mitigated by increasing evidentiary standards.
Finally, the racial disparity in bunching at 280g has meaningful implications for the
racial sentencing gap. Depending on the counterfactual sentence imputed for the affected
offenders, bunching at 280g can account for 2-7 percent of the racial disparity in crack-
cocaine sentences. A conservative estimate suggests that being bunched at 280g adds
1-2 years to an offender's sentence. Multiple estimates suggest the cost of incarceration
(combining direct care costs and the cost of lost current and future wages for the offender)
is approximately $60,000 per person per year (Donohue 2009; Mueller-Smith 2015).
nd 3.6% of black and Hispanic crack-cocaine offenders are bunched at 280g after 2010
versus 1.2% of white crack-cocaine offenders. Assuming 3.6% and 1.2% of all drug cases

from 1999-2015 were subject to similar discretion by race implies total costs of 1.3 billion

9Rehavi and Starr (2014) do not focus on racial disparities in drug offenses due to data limitations.
10The majority of inmates in the Survey of Inmates in Federal Corrections (2004) report earning formal
wages in the month before arrest.
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dollars for black and Hispanic offenders versus 148 million dollars for white offenders. In
terms of incarceration, the disparity implies 21,000 years sentenced due to this discretion
for black and Hispanic offenders versus 2,500 years sentenced for white offenders.

All of the calculations above are based on the amount of discretion and the disparity
detected right at and above the 10-year mandatory minimum threshold for crack-cocaine.
To the extent that prosecutors exercise similar discretion to push defendants just above 5-
year mandatory minimum thresholds or exercise discretion in less obvious ways (pushing
defendants far beyond thresholds, for example), the cost estimates will only be higher and

the effect on racial sentencing differences will only be greater.

3.2 Institutional Background and Prosecutor Objectives

3.2.1 Institutional Background

The Fair Sentencing Act, Mandatory Minimums, and Drug Quantities

Debate about federal mandatory minimum policy has overwhelmingly focused on
the disparity between the threshold amounts for crack-cocaine and powder-cocaine. Prior
to 2010, the threshold for the crack-cocaine 10-year mandatory minimum was 50 grams
whereas the 10-year threshold amount for powder-cocaine was 5000g, a 100-to-1 dis-
parity. In part due to the recommendations of the USSC and in part due to the political
climate, the threshold amounts for crack-cocaine were increased in August 2010 by the
Fair Sentencing Act. The upper threshold was changed from 50g to 280g, and offenders

sentenced after the Fair Sentencing Act are subject to the new thré$Haolthis paper,

)t is not clear why 280g, in particular, was chosen. One potential reason is that lawmakers wanted to
set the threshold at 10 ounces (283.495g), but in keeping with the convention of setting the threshold in
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| use this change from 509 to 2809 to study bunching at mandatory minimum thresholds
and its relation to discretion and racial disparities in the criminal justice system.

This paper is not the rst to acknowledge bunching in the amount of drugs recorded
in US federal sentencintf. Bjerk (2017) brie y discusses bunching in the distribution of
drug amounts, but posits that bunching arises from negotiation downward by prosecutors
and defendants® A 2015 Bureau of Justice Statistics (BJS) working paper on federal
sentencing disparities also investigates the idea that prosecutors could “game” the drug
weight sentencing guidelines (Rhodes, Kling, Luallen, and Dyous 2015). That paper
provides a cursory look at bunching above mandatory minimum thresholds for all drugs
by race, but does not address the bunching that is always present at round-number amounts
(509, 100g, 500g, etc.). As such, the authors conclude prosecutorial discretion in this form
does not differentially affect black and Hispanic offendéfrs.

| depart from previous work in several ways. First, | show that excess mass at the
threshold comes from cases below the threshold rather than above it. | also show that
the bunching is more pronounced in trial cases, which suggests that drug amounts are
being moved above the cutoff and not negotiated down to it. Second, | take advantage of
the time variation in the crack-cocaine 10-year mandatory minimum threshold to isolate

bunching that is solely due to prosecutor choices. Finally, | examine data at multiple

grams or kilograms, chose 2809 as the closest “round” number.

2In concurrent work, Knorre (2017) nds evidence of bunching in reported drug amounts from Russian
police. Knorre does not investigate potential discriminatory behavior or the consequences of the observed
bunching.

13since Bjerk's paper focuses on sentencing consequences of mandatory minimums for all drug types, he
does not empirically investigate the cause of the observed bunching in crack-cocaine offenses. In addition,
he does not compare outcomes before and after the Fair Sentencing Act of 2010.

14The working paper is an extensive and excellent treatment of sentencing disparities. In that light, it is
reasonable that the authors did not do a “deep dive” on this “bunching” test, which is a small piece of the
broader paper.
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stages in the criminal justice process and conduct several empirical tests that all suggest
prosecutorial discretion negatively affects minority defendants.
Procedural Background

In Figure A3.1, I illustrate a simpli ed timeline from arrest to sentencing. Arrests
are made by local or federal police, and after arrest, cases are handled by state or federal
prosecutors. Prosecutors decide whether to try the case in court. Federal arrests typi-
cally stay in the federal system, but local arrests can be shifted to federal court or tried
in both state and federal court. A case tried in federal court can end in conviction, ac-
quittal, or dismissal. For convictions, a probation of cer, partly in consultation with the
prosecutor, prepares a pre-sentence report (PSR) that details facts relevant to sentencing.
At sentencing, the judge considers statements from the prosecution, the defense, and the
PSR to make factual determinations (e.g. the amount of drugs involved) and decide the
defendant's sentence. In 2015, approximately 70% of drug arrests referred to federal pros-
ecutors were prosecuted and 90% of those prosecuted ended in a conviction (BJS 2016).
The drug quantity used in sentencing can be in uenced at many of these stages. Below, |
describe the legal discretion that police and prosecutors have over the drug quantity.

First, police can in uence drug amounts by choosing the amount of drugs involved
in “reverse sting” operations (operations in which agents will sell drugs to offenders) or
by extending traditional sting operations (operations in which agents will buy drugs from
offenders) until the total transacted amount is above the threshold (Honold 2014). Out-
side of these two levers, it is unlikely that law enforcement agents across multiple agen-
cies could systematically manipulate drug amounts since evidentiary protocols require the

precise logging and controlled storage of evidence.
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Second, prosecutors can in uence drug amounts because mandatory minimum sen-
tencing is determined by the amount of drugs the offender is responsible for traf cking,
which is not strictly based on the amount of drugs they are holding at the time of arrest
(Honold 2014; USSC 2015b; Lynch 2016). For one, prosecutors can rely on the testimony
of informants or law enforcement to establish “historical weight,” the amount of drugs a
defendant is responsible for outside of the actual drugs seized (Lynch 2016). In addition,
mandatory minimums also apply to drug traf cking conspiracy crimes in which the total
amount traf cked by the group in question can be applied to all members of the group
(Lynch 2016). The USSC Guidelines (2015b) speci cally state, “Types and quantities
of drugs not speci ed in the count of conviction may be considered in determining the
offense level. Where there is no drug seizure or the amount seized does not re ect the
scale of the offense, the court shall approximate the quantity of the controlled substance.”

Criminologist Mona Lynch has compiled compelling qualitative evidence about the
reach of federal sentencing guidelines in her bbl@kd Bargains Lynch nds that pros-
ecutors use informants to establish “relevant” quantities, and she interviews a prosecutor
about how relevant quantities can be established: “The actual heroin sales directly tied
to Mr. Samuels and his son were of 1g and 4g, respectively; the rest was arrived at on
the mere say-so of con dential informants. [...] She told me that she could have estab-
lished enough historical weight, through those (conspirators) she had ' ipped, to get Mr.
Samuels to at least a ten-year mandatory minimum sentence, if not more.”

In Section 3.5.3, | examine data from a national survey on drug use/selling, state-
level convictions, local police agencies, the Drug Enforcement Administration, and the
Executive Of ce of the US Attorney to estimate the source of the bunching at 280g. | also
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conduct several tests in Sections 3.5.3-3.5.5 to rule out alternative explanations related
to the role of offenders, state courts, police, defense attorneys, probation of cers, and
judges. Ultimately, I nd evidence that prosecutorial discretion leads to bunching at 280g

in the case of drug traf cking.

3.2.2 Prosecutor Objectives

Prosecutors have discretion over the drug quantity charged in federal drug traf ck-
ing cases. In addition, the data suggests prosecutors exercise this discretion and that they
exercise it differentially by race. In this section, | discuss the literature on prosecutor
objectives from the elds of economics, criminology, and law—all of which admit self-
interested and/or biased prosecutors.

Then, in light of the literature on prosecutor objectives, | discuss how sentence-
maximizing prosecutors may respond to the Fair Sentencing Act. Prosecutors may desire
high sentences due to career concerns, beliefs that long sentences are ideal (for retribu-
tion or future deterrence), or to wield them as tools in plea bargaiimythough this
conceptual discussion describes prosecutor objectives as homogenous, | ultimately nd
that only a subset of prosecutors behave in this way.

Related Literature

Since the 1970s, economists have produced several theoretical models of plea-

bargaining based on prosecutor objective functions. This work began with the canoni-

cal economic model of the courts from Landes (1971), which assumes that prosecutors

ISMandatory minimums also provide certainty about sentence length. Thus, in this context, prosecutors
who desire certain sentences will behave similarly to prosecutors who desire long sentences.
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maximize the expected sum of sentences subject to resource constraints. Following Lan-
des (1971), several papers emerged modeling resource-constrained prosecutors trying to
achieve an ideal punishment for guilty parties and no punishment for innocent parties
(Grossman and Katz 1983; Reiganum 1988; Bjerk 2007; and Baker and Mezzetti 2011).

Empirical work nds that prosecutors are, in part, career-focused (Glaeser, Kessler,
and Piehl 2000; Boylan 2005). Boylan (2005) shows that for US attorneys longer sen-
tences are associated with positive career outcomes (appointed to a federal judgeship or
hired by a large private rm). In addition, recent work demonstrates partisan bias (Nyhan
and Rehavi 2017) and racial bias (Rehavi and Starr 2014; Sloan 2019) in prosecutorial
decisions, suggesting that prosecutors may seek harsh punishments for some offenders
and lenient punishments for others.

These ndings that prosecutors can be self-interested and biased are echoed and
often-times preceded by insights from criminologists and legal schBlaBiscussions
of prosecutorial discretion in law reviews frequently note that career-oriented prosecu-
tors focus on securing lengthy sentences or high conviction rates (Bibas 2004; Simon
2007; Barkow 2009; Sklansky 2017). Stuntz (2004) argues that prosecutors lean on harsh
sentences to secure guilty pleas. He even speci cally notes the usefulness of sentencing
guidelines (e.g. mandatory minimums) in this regard: “plea bargains outside the law's
shadow depend on prosecutors' ability to make credible threats of severe post-trial sen-

tences. Sentencing guidelines make it easy to issue those threats.”

160f cially, the EOUSA cites Berger v. United States, 295 U.S. 78 (1935) to describe the role of the US
attorney as an agent “[...] whose interest, therefore, in a criminal prosecution is not that it shall win a case,
but that justice shall be done. [...] the twofold aim of which that guilt shall not escape or innocence suffer.
[...] Itis as much his duty to refrain from improper methods [...] as it is to use every legitimate means to
bring a just one.” However, the quote offers a description of the prosecutorial ideal rather than the reality.
In fact, the case in Berger v. United States, is itself a case about prosecutorial misconduct.
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Finally, criminologists and political scientists have also documented prosecutorial
bias along race, gender, and partisan lines (Spohn, Gruhl, and Welch 1987; Mustard 2001;
Farrell 2003; Ulmer, Kurlychek, and Kramer 2007; Gordon 2009; Shermer and Johnson
2010; Fischman and Schanzenbach 2012; Ulmer, Painter-Davis, and Tinik 2014; Franklin
and Henry 2019; King 2019). Fischman and Schanzenbach (2012) show that sentence
lengths are concentrated at mandatory minimums, that this concentration grows when
judges are given more discretion over other aspects of sentencing, and that the increase in
bunching at mandatory minimum sentence lengths is especially large for black and His-
panic offenders. Farrell (2003) and Ulmer, Kurlychek, and Kramer (2007) both use state
court data to show that black offenders are more likely to receive a mandatory minimum
penalty than white offenders, even after conditioning on several aspects of the offense. Ul-
mer et al. (2007) conclude, “prosecutors have great in uence through charging, sentence
bargaining, and, in the case examined here, the application of mandatory minimums. [...]
Too often, studies of sentencing and sentencing discretion focus on judges and leave out
prosecutors, crucial players in the courtroom work groups.”
Prosecutor Responses to the Fair Sentencing Act

This work from economics, criminology, and law suggests that prosecutors will
value crossing the mandatory minimum threshold in drug cases (for sentence length
and/or sentence certainty) and that they will value it differentially by race (due to racial
bias). By law, cases above the mandatory minimum threshold must receive a sentence
of at least ve or ten years (increased certainty), and in practice, longer sentences are
handed down in cases just above the threshold (increased sentence length; see Section

3.5.2). Assuming that gathering new evidence to raise the drug quantity charged beyond
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the amount seized is costly and that the cost is increasing in the amount of new evidence
gathered, these objectives yield predictions for how prosecutors will behave in the face of
mandatory minimum thresholds and how they will behave when those thresholds change.

Prior to 2010, the mandatory minimum thresholds in federal court for crack-cocaine
were 5¢g (for a ve-year mandatory minimum sentence) and 509 (for a ten-year mandatory
minimum sentence). After 2010, these thresholds shift to 28g and 280g. The shift in
mandatory minimum thresholds after 2010 should lead to the following relative changes:
(1) an increase in the density from 0-5¢g, (2) an ambiguous change in the density from
5-28g, (3) an increase in the density from 28-50g, (4) a decrease in the density from
50-280g, (5) an increase in the density from 280-290g, and (6) no change in the density
above 290g. Note, for these ranges, and whenever ranges are listed, the upper bound of
the range is not inclusive. See Figure A3.2 for an illustration of these changes.

These changes should occur because some cases worth bunching at 5g or 50g before
2010 will also be worth bunching at 28g or 280g after 2010 and some will no longer
be worth it. Also, some cases that were not bunched at 5g or 50g before 2010 will be
worth bunching at 28g or 280g after 2010. In Section 3.5.5, | introduce a simple model of
prosecutor objectives to motivate a discussion about the racial disparity in bunching. | use
that model in Appendix C to formally discuss why the changes described above should
occur. In Section 3.5.1, | show that the empirical evidence is consistent with this simple
conceptual model of prosecutor responses to the shifting thresholds.

This conceptual discussion and the empirical analysis that follows is rooted in broad
ideas about prosecutor bias and prosecutors' desire for long sentences and/or certain sen-

tences, but it also captures a speci ¢ phenomenon that has received some attention in law
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and criminology—federal prosecutors using sentencing guidelines and mandatory mini-
mums to secure guilty pleas or harsh sentences (Stuntz 2004; Honold 2014; Lynch 2016).
As noted in the previous section, Honold (2014) and Lynch (2016) explicitly acknowl-
edge prosecutors exploiting legal rules about the type of evidence admissible in drug
mandatory minimum cases to secure longer and more certain sentences.

In 1983, legal scholar and eventual judge Frank Easterbrook wrote, “Rules could
command, for example, that all cases involving a sale of cocaine weighing more than
50 grams be prosecuted and all others not. Rules of this sort produce the arbitrary and
unexpected consequences so well known to tax and welfare lawyers; it is far from clear
that one can design rules to achieve a particular end. People will change their conduct
to take advantage of lacunae.” Since then, such rules have been implemented, but re-
searchers have paid scant attention to the ways people have changed their conduct to take
advantage of them. In this paper, | document changing conduct by prosecutors that dis-
proportionately affects black and Hispanic defendants—behavior that has been discussed
and researched qualitatively by legal scholars and criminologists but that has remained

relatively unexplored empirically.

3.3 Data

To estimate the degree of bunching at the 10-year mandatory minimum threshold,
| use data on federal cases that include the amount of drugs recorded at sentencing. |

then bring in several other datasets from different stages in the criminal justice process to
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estimate who is responsible for the bunching at 280g.

Figure A3.1 shows a simpli ed timeline from arrest to sentencing and describes
how the data | use is related to each step. This timeline also acknowledges that selection
into/out of the data can occur at each step. As Knox, Lowe, and Mummolo (2019) discuss,
bias in selection into the dataset of interest can distort the ultimate measure of bias. My
empirical approach takes any bias in selection as given, and assumes this bias does not
change sharply in 2010. | show evidence to this effect: drug selling and crack-cocaine
usage does not increase after 2010, drug quantities seized do not increase after 2010, and
the composition of cocaine offenses in state/local convictions does not change after 2010.
Penalties remain high for offenses involving less than 2809, suggesting that there is little
reason for selection into federal sentencing to change pre- versus post-2010. Also, Rehavi
and Starr (2012) use linked data to show that the probability a case is led in federal court
and the probability a defendant is convicted is the same for black and white defendants
(conditional on arrest). Finally, as long as selection into the data is biased in favor of
white defendants (i.e. police are more lenient with white defendants or prosecutors are
more likely to dismiss white defendant cases), then the estimate of the racial bias in this

paper will be an underestimate.

17l am not able to link defendants/offenders across these datasets. However, given the nature of the nd-
ings and the information available in each dataset, analyzing them independently is suf cient to show where
the bunching rst occurs and to rule out alternative explanations. Finally, a dataset of defendants/offenders
linked from arrest to sentencing does exist, but the codebook for that data suggests it does not include a
measure of drug quantity seized at arrest.
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3.3.1 United States Sentencing Commission (USSC) Data

To estimate the degree of bunching at or above 280g, | use data provided by the
USSC on recorded drug amounts in all federal drug cases sentenced from 199§-P015.
focus on cases that involve a crack-cocaine offense since that is the only drug for which
the mandatory minimum threshold changes over time. Approximately 7.8% of offenders
in this sample are labeled as white, 10.6% as Hispanic, and 81.6% as black. Table 3.1
summarizes additional information about age, education, citizenship, and details about
the offense, all of which are used as covariates in later analyses (see Appendix D for
further details on this dataset and others).

| restrict these data to cases in which the amount of drugs is non-missing and is
not recorded as a range. Approximately 20% of cases are excluded for this reason, but
the fraction of missing cases for crack-cocaine does not change discontinuously at 2010,
though it does increase in 2013 and 2014. Furthermore, in Appendix A, | show that
including cases coded as a range only exacerbates the degree of bunching and the racial
disparity in bunching. | also remove cases that are agged for having data issues with the
drug quantity variable and cases where the court does not accept or changes the ndings
of fact. Less than 2% of cases are excluded for these reasons.

Using the cleaned data, | plot two histograms (Figures 3.1a-b) that zoom in on the
density around 280 grams for the years before and after 2010. Prior to 2010, the density

around 280g is smooth. After 2010, however, 280g becomes the new mandatory mini-

18These amounts are derived from pre-sentence reports prepared by a probation of cer and in consulta-
tion with the defendant, the defendant's counsel, and the prosecuting attorney. In the event the court rejects
an amount in the pre-sentence report, the new amount is recorded in the statement of reasons report and
reported in the USSC drug quantity eld.
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mum threshold and in that same time, the number of cases at and above 280d%pikes.
Figures 3.1c-d display how the fraction of cases recorded as 280-290g changes over time.
This shows even more clearly that the spike in cases at 280-290g coincides exactly with
the policy change. These gures also highlight the racial disparity in bunching at the

threshold that occurs after 2010.

3.3.2 Additional Data

In addition to data on federal sentences from the USSC, | incorporate several other
datasets to understand the source of the bunching in drug traf cking cases. | describe
these datasets here.

Florida State Inmate Database

These data include the year an offender is convicted, a description of the offense,
and the offender's race. In Florida, drug offense descriptions typically include the name
of the drug involved, and occasionally, the descriptions include a range for the amount
of drugs involved (these broad ranges are: 0-28g, 28-200g, 200-400g, and 400+g). Also,
Florida does not separately categorize crack versus non-crack cocaine offenses and in-
stead describes all such drug offenses as “cocdthd&he fraction of all cocaine cases
from 200-400g still exhibits a sharp increase in the USSC federal data, and thus, a mir-
rored decrease should be detectable using the broad categories in Florida. Summary statis-
tics for these data, the NIBRS drug seizures, and the DEA drug exhibits are reported in

Table A3.1.

195ee Figure A3.3 for a plot of the histogram from 0-500g.
2OData from Missouri Department of Corrections indicates that, in Missouri, approximately 80% of state-
level cocaine offenses are crack-cocaine offenses.
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National Incident Based Reporting System] (NIBRS) Property Segment

The FBI collects data from local law enforcement agencies about crime, and many
agencies report this data at the incident-level. The incident-level reports make up the
data in the NIBRS property segment. These data are submitted voluntarily by agencies
and thus, are not representative of national or state-level crime. For this reason, | use a
balanced panel of agencies from 2000-2015. Upon receipt, the FBI checks the reports for
errors and contacts agencies for corrections if necessary. The property segment of this
database includes information about drug seizures and drugs involved in afrdsts.
offender segment of this database includes information on offender race, sex, and age for
all offenders involved in the incideRt
DEA System to Retrieve Information from Drug Evidence (STRIDE)

The STRIDE database contains information about all drug evidence from the DEA
and other agencies that was submitted to DEA laboratories for analysis. | obtained the
data from a Freedom of Information Act request for all records pertaining to the drug
“cocaine” from 2000 to 2015. This information includes the year and month the drugs
were acquired, the weight of the drugs in grams, the type of drug (cocaine, cocaine hy-
drochloride, cocaine base, etc.), drug potency, and the price from undercover purchases.
Executive Of ce of the US Attorney (EOUSA), Caseload Data

The EOUSA releases case-level data on cases (excluding certain redacted cases)

21see Shively (2005) and Bibel (2015) for a discussion of well-known issues with NIBRS data, such as
reporting and measurement of hate crimes and sexual assault, differential coverage, and data quality. To
the best of my knowledge, there are no known issues with the drug quantity eld of the NIBRS property
segment.

22For tractability, | limit the offender segment to incidents that involve 5 or fewer offenders. This covers
99% of all incidents. Also, the fraction of incidents with 5 or fewer offenders does not meaningfully change
after 2010 (99.1% in 2000, 99.1% in 2005, 99.0% in 2010, and 99.3% in 2015). Finally, it is not correlated
(r = 0:0001) with the probability an incident involves 280-290g of crack-cocaine.
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processed by the US Attorney's of ce. These data are derived from information entered
into the Legal Information Of ce Network System (LIONS) case management system.
The EOUSA notes that each district may use LIONS differently, and as such, the data
should not be used to make cross-district comparisons. The analyses using these data
are robust to the inclusion of district xed effects and various methods of accounting for
missingness in the drug quantity data (a data quality issue that varies across districts). The
EOUSA data includes a wealth of information about drug cases and other cases, including
type of drug, quantity of the drug, an ID for the lead attorney on the case, and an ID for
the judge on the case. Summary statistics are reported in Table A3.2.

National Survey on Drug Use and Health (NSDUH)

The NSDUH is a survey of non-institutionalized US civilians aged 13 or older that
primarily asks questions about drug use and mental health. The respondents are randomly
sampled based on state and age, with larger states and younger individuals oversampled.
| use two questions asked from 2002-2016: (1) “have you ever, even once, used crack-
cocaine?” and (2) “during the past 12 months, how many times have you sold illegal
drugs?” These data provide detail about drug use and drug selling that is not based on
interactions with law enforcement.

Google Trends Data on Racial Animus from Stephens-Davidowitz (2014)

To measure racial animus at the state-level, | use data introduced by Stephens-
Davidowitz (2014). Stephens-Davidowitz uses Google search data from 2004-2007 (ac-
cessed via the Google Trends tool) and measures relative search volume in every US state
for a speci c racial slur and its plural form. Since Google searches are virtually anony-
mous, this measure may provide a less ltered view of racial attitudes than common
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survey measures. In fact, it is positively correlated with racial animus as measured by
implicit association tests or questions about interracial marriage from the General Social
Survey?? Even more, it is highly predictive of President Obama's vote share in the 2008
and 2012 US elections (Stephens-Davidowitz 2014). The construction of the measure is
covered in much greater detail in Stephens-Davidowitz (2014).
Implicit Association Test (IAT) Data on Racial Animus for Lawyers

The IAT data from Project Implicit (Xu et al. 2019) contains the results of implicit
association tests for racial bias for over 3 million individuals. The implicit association
test for racial bias is designed to test how strongly a person links black people with the
concept of “bad” and white people with the concept of “good.” This is accomplished by
having a person sort words into “good” and “bad” categories, sort people into “black” and
“white” categories, and nally, sort both words and people into “black” and “white” cate-
gories paired with “good” or “bad” categories. The time it takes to sort into “black/good”
relative to “black/bad” and “white/bad” relative to “white/good” is the basis of a person's
score. See “Project Implicit” for more detail. Although recent research casts doubt on the
validity of the IAT for detecting bias (Oswald et al. 2013), the data has two advantages.
First, it can be aggregated to the federal district, a sub-state geography. Second, it can
be calculated solely for people reporting an occupation of “Lawyers, Judges, and Related

Workers.”

231t is also correlated at the Census region level with responses to these questions from respondents with
a graduate degree. This suggests it is not solely re ective of racial animus from people with low levels of
education. See Figures A3.4a-i.
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3.4 Methodology

This paper has four main goals. First, to quantify the bunching at 280g after 2010
and the racial disparity in bunching at 280g. Second, to estimate whether the racial dis-
parity in bunching at 280g is due to differences in the underlying distributions of observed
evidence or a difference in the likelihood a case is bunduwediitional on the observed
evidence (i.e. @onditional racial disparity). Third, to estimate who causes the bunch-
ing at 280g after 2010. And fourth, to explore and test various explanations for the racial
disparity in bunching, including discrimination. In this section, | detail methodology for
the rst three goals. | reserve the discussion of potential discrimination and related tests
for Section 3.5.5.

Throughout, | use what Kleven (2016) terms the “difference-in-bunching” method.
This approach estimates the degree of bunching by comparing the actual distribution to an
empirical counterfactual distribution. To estimate bunching at 280g and the racial dispar-
ity in bunching, the ideal counterfactual is the post-2010 distribution with the pre-2010
thresholds. | assume the pre-2010 distribution is a good counterfactual in this sense for
all parts of the drug quantity distribution. Section 3.4.1 details the estimation of bunching
and the racial disparity under this assumption.

To estimate aonditional racial disparity in bunching at 280g, the ideal counter-
factual is the post-2010 distribution with no mandatory minimum threshold (or any other
incentive to increase the amount charged). | assume the pre-2010 distribution is a good
counterfactual in this sense for the part of the drug quantity distribution above 50g. Sec-

tion 3.4.2 outlines tests for a conditional racial disparity under this assumption.
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Finally, to estimate who causes the bunching at 280g, | test for changes in drug
guantity at multiple stages in the criminal justice process leading up to sentencing. Here,
again, the assumption is that at each of these stages the pre-2010 distribution is what the
post-2010 distribution would be if the thresholds had not changed. Thus, | use the same
methods detailed in Section 3.4.1. In the Results section, | detail methodology and results

for several additional analyses.

3.4.1 Bunching at 280g and Racial Disparity in Bunching

| de ne a case as “bunched” at 280g as any case in the narrow range 280-290g
(not including 290g). | then compare the fraction of cases from 280-290g in the post-
2010 distribution of drug weights to the fraction of cases from 280-290g in the pre-2010
distribution. Speci cally, | estimate the following linear probability model:

(Charged280 2909 = a + bAfter201Q + Z + g(t) + &t (3.1)

where(Charged 280 29Qy);: is equal to one if offenddrin yeart is charged with
280-290g and is equal to zero if the offender is charged with less than 280g or equal to
or above 290g* After201( is equal to one if the offendérin yeart is sentenced in
2011-2015 and is equal to zero if the offender is sentenced in 1999-B04@he change
in an offender's probability of being charged with an amount in the narrow 280-290g
range as a result of being sentenced after the threshold amount is increased td&;280g.
represents case-level covariates (such as offender education, race, age, conviction state,

etc), andy(t) represent time trends. In most speci cations, | limit the sample to 0-1000g

24state conviction data does not include precise drug weights. In those cases, | use the dependent variable
(Convicted with 200-400g), equal to one if the offender is convicted with 200-400g and equal to zero
otherwise.
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to remove extreme outliers and excludeand g(t), however | show that the result is
robust to altering this sample range and robust to including numerous controls.

To estimate heterogeneity in bunching by race, | extend the model as follows:
(Charged280 2909 = a + b(After2010 White);; (3.2)

+ d(After2010 BlackOrHispanigi; + BlackOrHispanig + Z + g(t) + et

Now, b represents the change in a white offender's probability of being charged
with 280-290g as a result of being sentenced after the threshold is increasedremd
resents the change for black and Hispanic offenérs.

Models (1) and (2) quantify the excess mass at 280-290g by using regression anal-
ysis on the case-level microdata and comparing the pre- and post-2010 distributions. This
follows work by: Kleven et al. (2011), Behagel and Blau (2012), Sallee and Slemrod
(2012), Chetty, Friedman, and Saez (2013), Dwenger et al. (2016), Goncalves and Mello
(2018), and Traxler et al. (2018). This approach is also appropriate for the empirical
setting. | am primarily interested in estimating the change in the probability a case is
charged with 280-290g after 2010 and whether that change in probability differs by race.
In addition, some analyses in the paper preclude aggregating the data into bins because

they rely on data that do not include precise drug quantifies.

25Combining black and Hispanic offenders into one category, although common in analyses of the crim-
inal justice system, is a crude categorization. Splitting these groups into separate variables yields similar
results. There is a larger increase in bunching for black offenders than white offenders and a larger increase
for Hispanic offenders than white offenders. The increase in bunching is similar for black and Hispanic
offenders. In a model with district-by-time effects and a limited set of offender-level controls, the increase
for Hispanic offenders is slightly larger than the increase for black offenders, although the two estimates are
not statistically different (p-value=0.1426). For expositional reasons, | combine these groups throughout
the paper. However, it is worth noting that these groups' experience with law enforcement and with dis-
crimination in the US, in general, is varied and complex in a way that is not accounted for in this analysis
(RWJF 2018).

28In Appendix B, | show that the results in this paper are robust to alternative methods of quantifying
bunching above the threshold. One approach, introduced by Saez (2010) and Chetty et al. (2011), constructs
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To understand where the excess mass at 280-290g comes from (i.e. where the post-
2010 distribution has less mass relative to the pre-2010 distribution), | estimate a series
of models similar to the equation (3.1) that replace the dependent variable with different
drug quantity ranges:

(Charged X-Y@it = a + bAfter201Q; + Z + g(t) + et (3.3)

In these modelsb represents the change in an offender's probability of being
charged with an amount of drugs between X and Y grams as a result of being sentenced
after the threshold is increased. | estimate equation (3.3) for 0-5g, 5-28g, 28-50g, 50-
60g, 60-100g, 100-280g, 280-290g, 290-470g, 470-600g, and 600-1000g. The prosecu-
tor objectives discussed in Section 3.2.2 yield speci ¢ predictions about many of these
ranges—an increase in the 0-5g and 280-290g ranges and a decrease in the 50-60g, 60-
100g, and 100-280g rangé5The missing mass analysis addresses a critical question for
policy implications: how would offenders who were charged with 280-290g post-2010
have been charged pre-20107? If those offenders would have been charged below 280g,
then the bunching at 280-290g post-2010 may represent an effort to increase sentence

lengths for some offenders.

a high-order polynomial counterfactual density from the actual bunched density. Kleven (2016), however,
notes that this standard bunching estimation is typically used in settings where there is no variation in the
kink/notch, and calls this a “minimalist approach” that “may not be compelling in all contexts.” Addition-
ally, he argues “more sophisticated alternatives exist that require richer data and/or richer variation.” The
Fair Sentencing Act in 2010 provides richer variation in this setting. A second alternative approach takes
advantage of that variation by aggregating the post-2010 distribution and the scaled pre-2010 distribution
into 10g bins and comparing them directly in levels. The results in this paper are robust to both.

27In Appendix A, | report the analysis by race for more narrow ranges. Since the ranges involved are
much wider than the previous bins, | include a time trend (centered at zero in 2011) and state xed effects
to account for broad differences in drug traf cking over time and across states. In some speci cations, |
also estimate the “jump” in the probability of being below or above the 280-290g range after 2010. This
approach yields similar results, and it is discussed in more detail in Appendix A.
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3.4.2 Racial Disparity Conditional on Observed Drug Behavior

Now, | outline the assumptions necessary to estimate whether the racial disparity in
bunching at 280g is due to differences in the underlying distributions of observed evidence
or a difference in the likelihood a case is buncledditional on the observed evidence.
Institutional Setting

Consider a simpli ed criminal court setting with drug cases, prosecutor discretion
over amount charged, and mandatory minimum sentences. Assurseizbd evidence
sin a case is drawn from a discrete distributi®p(:)! that is speci ¢ to each raceand
time-periodt (pre- vs. post-2010). The prosecutor for the case chooseantoeint
(in grams) of drugs chargeda, and can charge amounts higher ttsahy collecting
additional evidenca s. Seized evidenceis a noisy measure of true drug traf cking.

| observe the amount charged Publicly available data from the USSC does not
report the seized evidenassfor each case, and true drug traf cking is unknown to the
researcher and the prosecutor. The prosecutor ch@okased on a variety of factors.
The rst goal of the empirical analysis is to identify racial disparitiegiconditional on
s (i.e. aconditional racial disparity ). The second goal (addressed in Section 3.5.5) is to
model under what conditions the disparity re ects discrimination by prosecutors and to
conduct empirical tests of that model.

In this section, | detail the identifying assumptions necessary to estimate the con-
ditional racial disparity. The set-up closely follows Goncalves and Mello (2018) who use
a difference-in-bunching design to estimate police of cer bias in speeding tickets. For

now, consider the prosecutor's objective a function of tastes (including racial biases), ca-

148



reer concerns, the sentence that would be justi ed under law if true drug traf cking were
observed, and costs associated with building the case.
The amount of drugs chargedmaps onto anandatory minimum sentencing

schedulel (a)! that differs pre-2010= 0 and post-2016= 1.

@'=_5 ifmn] a<mnj (3.4)

8
% 1 ifa<mni
_% 10 ifmnf, a

If ais below the lower threshold for time periddthe defendant is sentenced to
1 year. Ifais equal to or above the lower threshold but below the upper threshold, the
defendant is sentenced to 5 years.alis equal to or above the upper threshold, the
defendant is sentenced to 10 years. A mandatory minimum does not, by law, require a
discontinuous increase in sentence length at the thresholds. In practice, sentences do jump
at 509 pre-2010 and 280g post-2010.

Given the seized evidensdunobserved in the data but observed by the prosecutor)
in the case and the defendant's racéobserved in the data), the prosecutor charges a
nal amount a (observed in the data) that is equal to a mandatory minimum threshold
mm= f5;28;50;,280g (i.e. “bunching” at the threshold) with launching probability
Pr(a= mnjs;r)! (unobserved in the data). Finally, let defendants be in one of two broad
race categories: white = w or black/Hispania = bh.
De ning the Conditional Racial Disparity

Now, | de ne a racial disparity in the amount chargedonditional ons and outline
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Pr(a= jjr)t=

key equations.

There is aconditional racial disparity in bunching at 280g after 2010 Hr(a =
28(s;bh): > Pr(a= 28(Gs;w)*. In other words, a conditional racial disparity exists if a
black or Hispanic defendant with amount seizad more likely to be bunched at 280g
than a white defendant with the same amount seszed

| observe the nal amount charged, which can be written for the following ranges

as:

(a) Pr(s=50r)°+ & Pr(s=kjr)°® Pr(a=50s= k;r)° if j= 50
k< 50 ift=0

(b) Pr(s= jjr)° if 50 < |
(c) Pr(s= jjnt (1 Pr(a= 280sr)Y if 50j j < 280

(d) Pr(s= 280r)'+ & Pr(s= kir)! Pr(a= 280s= k;r)l if j= 280 ift=1
80

k<2

(& Pr(s= jjr)t if 280 < |
(3.5)

Equationg3.5a)and(3.5b) express the probability a case is charged with a given
amounta prior to 2010. First, the probability a defendant is charged with an ameunt
equal to 509 is equal to the probability the seized evidexise50g plus the likelihood
that a case witls under 50g gets moved up to 50ggn. 3.5a) Second, since there is
no sentencing bene t of charging an amount above 509, the probability a case is charged
above 50degn 3.5b)is equal to the probabilitg is equal to that amount.

Equationg3.5¢)-(3.5eexpress the probability a case is charged with a given amount
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aafter 2010. The probability a case is charged with an amount below 280g and above 50g
(egn. 3.5¢)is equal to the probability thatis equal to that amount and that the case does
not get moved up to 2809 given the amosanthe probability a case is charged with 280g
(eqn. 3.5d)is equal to the probabilitgis 2809 plus the likelihood that a case witbinder
280g gets moved up to 280g. As(egn. 3.5b) the probability a case is charged above
280g(eqgn 3.5e)is equal to the probability thatis equal to that amount. Throughout, |
assume that prosecutors don't suppress evidence, i.es.?8
Difference-in-Bunching Estimator and the Conditional Racial Disparity

To estimate whethdPr(a= 28(s;r)? differs for black/Hispanic vs. white defen-
dants, | compare the distribution of amounts charged after 2010 to the distribution of
amounts charged prior to 2010.

Under the assumption thBr(s= kjr)° = Pr(s= kjr)1-i.e., the probability a case
with a defendant of race has seized evidence= k does not change pre- vs. post-

2010-thdifference-in-bunching coef cients (eqn. 3.2d b yields the following:

d b=[ § Pr(s= kibh) Pr(a= 280s= k;bh)"] (3.6)
k<280

[ & Pr(s= kiw) Pr(a= 28Gs= kw)"]
k< 280

d > 0 andb > 0 imply that prosecutors increaaé response to the Fair Sentencing

28In reality, it is possible for prosecutors to reduce the drug amount charged or choose not to pursue
a drug charge entirely. Introducing this possibility means the disparity in bunching could be due to: (1)
a difference in underlying observed drugs, (2) a conditional disparity in bunching, or (3) a conditional
disparity in suppressing. The empirical evidence | show is consistent with (2) and (3), both of which are
disparities conditional on underlying observed drugs. For that reason, | focus on the simpler case.
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Act, andd b > 0 implies that they increassemore for black and Hispanic defendants.
This alone is of interest—it shows that prosecutors use their discretion to increase sentences
in response to the FSA and that the burden of this falls on minority defendants. However,
d b > 0 could be driven by different underlying distributions of seized evider(ce.
different Pr(s = kjr)) or by disparate treatment conditional srfi.e. differentPr(a =
28(s;r)—a conditional racial disparity).

The goal of this section is to outline how to test whettder b > 0 is due to a
conditional racial disparity. | detail two tests. For the rst ta$t, b can be rewritten as

follows:

. i {

[ & Pr(s= kibh) Pr(a= 280s= k;bh)> § Pr(s= kiw) Pr(a= 280s= k;w)"]

k 50 k 50

2  p— {
[ & Pr(s=kjbh) Pr(a= 28Gs= k;bh)? a Pr(s= kw) Pr(a= 280s= k;w)?}]
50< k< 280 50< k< 280

(3.7)
First, | test whether thel term can explainl b > 0. | observePr(a= 50jr)° and

Pr(a= 50r). Equation(3.5)implies that:

Pr(a= 50bh)® Pr(a= 50bh)°= [Pr(s= 50jbh) Pr(a= 28Gs= 50;bh)"]

[ & Pr(s= 50bh) Pr(a= 50js= k;bh)?] (3.8)
k<50
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Under the assumption thBt(a= 50js;r)° Pr(a= 28Qs;r)! foralls 50, equa-
tion (3.8)is greater than thﬁ&SoPr(s: kibh) Pr(a= 28Gs= k;bh)! term from equation
(3.7). Thus, if the sum of equatiof8.8)andd b is greater than zero, then the teln
cannot explaid b > 0. In other words, the shifrom 50g for black and Hispanic
offenders is an upper bound for the movemi@n280g that can be explained by amounts
seized at 50g or below. If this shift is not enough to explain the racial disparity in bunching
at 280g, then the racial disparity must be due to term

Second, | test whether racial differencesing  Pr(s= kjr) from terml can ex-

50< k< 280
plaind b > 0. From equatioii3.5b), Pr(a= kjr)°= Pr(s= kjr)°8280> k> 50. Thus,

lcantestif & Pr(s=kw)°= & Pr(s= kjbh°bytestingif & Pr(a=
50< k< 280 50< k< 280 50< k< 280
kw)°= & Pr(a= kjibh)°. In other words, if the distributions of pre-2010 charged
50< k< 280

amounts from 50-280g are approximately equal by race, then the racial disparity in bunch-
ing must be due to a racial disparity in the probability a case is bunched atc230ig
tional on the seized evidence.

Now, | turn to the second test for a conditional racial disparity. The assumptions

above also imply:

Pr(a= 50< k< 28Gr)t= Pr(s= ki) (1 Pr(a= 28Gs= k;r)%) (3.9)

Pr(a= 50< k< 280r)° = Pr(s= kjr)° (3.10)

The difference between equati¢®.9) and(3.10) by race can be estimated as fol-

lows:
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(Charged X-Ygit = a + dX(After201O BlackOrHispanigi; + gAfter201G; + | BlackOrHispanic+ &
(3.11)

The coefcientd® = Pr(a= 28Gw;s) Pr(a= 28Gbh;s)’. Then,d* < 0-i.e.,
black and Hispanic defendants are more likely to be shifted away from a given aXount
after 2010—implies that there is a racial disparity in amount chaagemhditional on the

underlying evidence seized

3.5 Results

3.5.1 Main Results

Primary Bunching Estimates and Robustness

Using nal sentencing data from the USSC, | estimate the effect of being sentenced
after 2010 on whether an offender is sentenced for a drug amount between 280-290g.
Column 1 of Table 3.2 indicates that offenders sentenced after the threshold increases to
2809 are more likely to be charged with amounts just above 280g. An offender sentenced
after 2010 is 3.5 percentage points more likely to be charged with a drug amount between
280-290g. Column 2 shows that this increase in bunching is driven by black and Hispanic
offenders, who are approximately three times as likely to be charged with 280-290¢g after
2010 compared to white offenders. Figures 3.1a-d display graphical evidence of bunching
at 280-290¢g and the racial disparity in that bunchifg.

This result is robust to various sample restrictions (e.g. limiting to post-2006 years);

29Figures A3.5-A3.7 and B3.1-B3.4 present alternative ways to visualize this phenomenon. In particular,
Figure A3.6 shows that the total number of cases at 280-290g increases after 2010.
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the inclusion of state xed effects, time trends, state-speci c time trends, and offender-
level controls (e.g. education, criminal history, age, etc.); clustering standard errors at the
state-level; the use of Logit/Probit/Poisson models instead of a linear probability model;
wider de nitions of the bunching range (e.g. 280-380g); and the inclusion of cases with
weights coded as range. See Tables A3.3-A3.7 for these results. | also conduct a sim-
ple bounding exercise in Table A3.8 that accounts for potential substitution into other
drug types or selection into the case's drug weight being coded as a range. Table A3.9
presents a difference-in-differences analysis of bunching using other drug types for which
the mandatory minimum threshold did not change. These additional tests con rm the
main results. Offenders sentenced after 2010 are more likely to be charged with 280-
290g, and this increase is disproportionately large for black and Hispanic offenders.
Source of the Excess Mass at 280g

To understand the reason for this bunching at 280g, | analyze other parts of the
drug quantity distribution. If the excess mass in 280-290g after 2010 comes from above
290g, bunching may be the result of negotiation between prosecutors and defendants
(Bjerk 2017). However, if the excess mass comes from below 280g, it is possible that
prosecutors are shading amounts upward to exceed the threshold and secure longer and/or
more certain sentencé$.

In Table 3.3, | show the change in the probability of being recorded in several

30To be clear, it is impossible to say with certainty that the “missing mass” in the distribution is where

cases in the “excess mass” would be recorded had they been sentenced prior to 2010. This is true for nearly
all bunching analyses (panel bunching designs that follow the same unit over time are more convincing in
this respect). As is typical in bunching analyses, | assume that the missing mass is indicative of where
the “excess” cases would be located in the counterfactual. This is not guaranteed by the research design.
Instead, this is another piece of suggestive evidence that the bunching is a result of cases being shifted in a
way that is consistent with a simple conceptual model of prosecutor behavior and the empirical evidence of
no offender response.
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different ranges: 0-5¢g, 5-28g, 28-50g, 50-60g, 60-100g, 100-280g, 290-470g, 470-600g,
and 600-1000g. Table 3.3 shows that the probability a case is recorded in those ranges
matches the conceptual discussion in Section $218.Figures A3.7a-i, | plot the share

of cases over time in each of these ranges. | estimate the regressions in Table 3.3 by
race in Table A3.10a. The results are similar but noisier since it requires cutting the
already narrow ranges by race. Table A3.10b and Figures A3.7j-k shows results by race
using broader ranges: 0-280g and 290-1000g. In Table A3.10c, | re-estimate Table 3.3
including only years from 2007-2015, and | nd similar results.

Summing the coef cients in columns 4-6 of Table 3.3 implies that the change in
probability from 50g-280g can account for 87% of the increase in the 280-290g bin. Is it
possible that some offenders charged with 280-290g post-2010 would have been charged
below 509 prior to 2010? A xed cost of evidence-gathering could explain this behavior.
For example, if an offender is arrested with 10g of physical evidence prior to 2010, it may
not be worthwhile to collect evidence to push them from a 5-year sentence to a 10-year
sentence. After 2010, however, that same offender would face a 1-year sentence without
additional evidence-gathering. Once prosecutors pay the xed cost to gather evidence, it
may then be worthwhile to gather enough evidence to reach the 10-year sentence.

Finally, | examine the degree of bunching in the subset of cases that go to trial.

31Although it is not clear from these analyses, there is excess mass at 50g (the pre-2010 threshold) even
after the threshold changes in 2010. This persistent excess mass at 50g is likely due to round-number bias
from offenders, police, or prosecutors. The powder cocaine distribution, which never has a mandatory min-
imum threshold at 509, exhibits similar excess mass at 50g. For crack-cocaine, the fraction of cases from
50-60g is about 1.5 times the fraction of cases from 40-50g. For powder cocaine, that ratio is similar—the
fraction of cases from 50-60g is about 1.7 times the fraction of cases from 40-50g. While conventional
bunching estimation would address the presence of round-number bias by accounting for it in the esti-
mation of the polynomial counterfactual, the difference-in-bunching method accomodates round-number
bunching directly because that bunching will be present in both the counterfactual (pre-2010) and actual
(post-2010) distributions (Best et al. 2018).
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If the bunching is a result of lenient prosecutors rounding down, we should expect less
bunching in trial cases where incentives for leniency are muted. However, the degree
of bunching and the racial disparity in bunching is only heightened in trial cases (see
Column 3 of Table 3.2). In fact, the only cases with 280-290g that go to trial are those
of black and Hispanic offenders. As before, the increased bunching is accompanied by a
falling share of cases below 280g £ 0:109 andSE= 0:022) and a small, rising share
of cases above 290¢ (= 0:034 andSE= 0:019)3? This is further evidence that the
observed bunching is a result of shading up rather than negotiating down. In Section 3.5.3,
| show additional evidence from prosecutor case management data that cases bunched at
280g would likely be recorded below 280g in the absence of strategic prosecutor behavior
around the mandatory minimum threshold.
Estimating the Conditional Racial Disparity in Bunching at 280g

The results above indicate that there is a racial disparity in bunching at 280g. How-
ever, those results alone are not enough to understand why there is a racial disparity in
bunching. It could be that there are different underlying distributions of observed drug
behavior by race. For example, suppose black and Hispanic defendants are more likely
to be arrested with 200g and white defendants are more likely to be arrested with 100g.
If defendants with 200g are more likely to be moved to 280g, then a racial disparity will
emerge. On the other hand, suppose that among defendants with 200g, black and Hispanic
defendants are more likely to be moved to 280g—this would imply there is a disparity in
bunching conditional on observed drug amount.

Section 3.4.2 outlines the assumptions and empirical tests necessary to estimate the

32See Table A3.10d for missing mass results using trial cases only.
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conditional racial disparity in this setting. | conduct both tests outlined in that section, and
both tests suggest that the disparity in bunching is driven by a conditional racial disparity
rather than racial differences in the underlying distribution of observed drug amount.

The rst test relies on decomposing the potential bunching at 280g. For the rst
part of that test, | estimate the racial difference in the shift away from the 50-60g range.
Table 3.4 reports this result. Black and Hispanic offenders are less likely to be charged
with 50-60g after 2010. However, the decrease in the 50-60g range is not large enough
to explain the racial disparity in bunching at 280g. Adding the decrease from 50-60g for
black and Hispanic offenders in column (1) to the increase to 280-290g for black and
Hispanic offenders in column (2) yields a new bunching coef cient of 0.0293. The new
coef cient is still about three times larger than the coef cient for white offenders, and it
is statistically different from the coef cient for white offenders at the one percent level
(p-value = 0.003).

For the second part of the rst test, | test whether the distributions of charged
amounts from 60-280g are equal by race prior to 2010. Figure 3.2a plots the distribu-
tions by race, and they are very similar. A Kolmogorov-Smirnov test of equality fails to
reject the null that the distributions are equal (p-value = 0.788). Alternative evidence from
drug seizure records con rms black and white offenders are seized with similar amounts
(see Table 3.6a and Figure A3.8a-b). Since the racial disparity in bunching at 280g cannot
be accounted for by racial differences in movement from 509 or by racial differences in
the distribution from 60-280g, this implies the disparity is a conditional racial disparity.

The second test for a conditional racial disparity in bunching relies on estimating

racial differences in movement away from other narrow ranges. Figure 3.2b plots the
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coef cients from equation(3.11) divided by the share of cases in each range to show

a percent difference by race. There is a noisy decrease from 160-280g, but at several
amounts, the coef cient is signi cantly different from zero or marginally signi cant. This
implies that at those amounts, black and Hispanic offenders are more likely to be bunched
at 2809 than white offenders. Again, this implies there is a conditional racial disparity in

bunching at 280g.

3.5.2 Sentencing Consequences

In order to understand the policy implications of this bunching, | estimate the sentencing
consequences of crossing the mandatory minimum threshold. Since mandatory minimum
sentencing only gives guidelines about minimum sentencing, it is possible that being
above the amount has no effect on actual senten@im@vestigate this by estimating the

following:

Sentence= a + b;Above@8Q + boAmount+ b3(Abov€80 Amoun)i+ g (3.12)

whereSentenceis the sentence handed down for offendekbove8(Q is equal to
one if the offender is recorded with 280g or more of crack-cocaine and zero otherwise,
andAmount is equal to the offender's recorded drug quantity centered at 280g. For the
main results, | focus on cases sentenced after 2010. In Table A3.11, | estimate similar
regressions using the pre-2010 data. As long as the offenders who are bunched above the

threshold are not negatively selected from the population just below the threshold, then

33In other words, judges could choose to treat defendants with 270g the same as defendants with 280g
and apply the mandatory minimum sentence of 10 years to both.
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b1 will provide a conservative estimate of the sentencing penalty associated with crossing
the mandatory minimum threshold after 2010. The bunching above 280g suggests this
assumption may be violated. As such, | also estimate (12) for states with low levels of

bunching above 280g.

| ndthat bunching at 280g does have sentencing consequences. Offenders recorded
with 270-280g after 2010 have a mean sentence of 9.6 years whereas offenders recorded
with 280-290¢g after 2010 have a mean sentence of 11.2 years. Figure 3.3a plots sen-
tencing outcomes by drug weight from 230-330g and the linear t on each side of the
280g threshold for cases sentenced after 2010. The discontiby)tys(the sentencing
penalty from crossing the mandatory minimum threshold. Figure 3.3b shows that there
is no discontinuity in predicted sentence, where sentence is predicted from a model using
pre-2010 cases and several offender characteristics. Figure 3.3c plots actual sentence for
the subset of cases sentenced in states that have low levels of bunching. Even in states
where there is little manipulation around the threshold, there is a sentencing penalty of
about 2 years*3° See Figure A3.9 for robustness to bandwidths from 10g to 250g.

This estimate assumes that an offender bunched at 280g would be charged with an
amount just below 280g in the absence of the 2809 threshold. However, the results in Sec-
tion 3.5.1 suggest that offenders bunched at 280g come from throughout the distribution
below 280g. The average sentence after 2010 for offenders in the 50-280g range is 7.9

years. Using that value as the counterfactual sentence implies a sentencing consequence

%4This is possible because although offenders are negatively selected (in terms of sentence) on some
characteristics, like race, they are positively selected on others, like criminal history score.

35These estimates indicate that there is a sentencing penalty for crossing the mandatory minimum thresh-
old (both before and after 2010), not that sentences were longer after 2010 or that the sentencing penalty of
triggering the mandatory minimum was higher after 2010.
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of 3.3 years.

3.5.3 Potential Mechanisms

The four mechanisms | evaluate are: (1) offender responses to the FSA, (2) a shift-
ing composition of cases between state and federal court, (3) law enforcement discretion,
and (4) prosecutorial discretion. For these analyses, | present visual evidence as well as a
formal analysis of the microdata showing the main bunching results for each mechanism
in Table 3.5 and Tables 3.6a-b. Ultimately, I nd bunching at 280g in prosecutor case
management les from the EOUSA but not at an earlier stage. This implies that prose-
cutors are responsible for the excess mass at 280g in nal sentences. In Section 3.5.3, |
discuss several additional empirical tests that also suggest prosecutors are responsible for
the bunching of cases at and above 280g.

Offender Behavior

If black and Hispanic offenders respond differently than white offenders to the Fair
Sentencing Act, a racial disparity in bunching at 280g may re ect prosecutors' reactions
to those different responses rather than racial discrimination. In Table 3.6a, | show that
black and Hispanic offenders are not arrested with more drugs following the Fair Sen-
tencing Act, but instead, are holding slightly smaller amounts when arrested after 2010
(after controlling for state xed effects, sex, and age)n Table 3.6b, | show that black
and Hispanic respondents to the NSDUH are not more likely to report having ever used

crack, selling drugs in the past 12 months, or having used crack and selling drugs after

38Likewise, | nd no evidence of a response in the DEA STRIDE data on drug amounts or drug prices
(see Figure A3.10).
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2010. This implies that the racial disparity in bunching cannot be attributed to differential
responses in drug-carrying by rate.

Shifting of Cases Between State and Federal Courts

Drug Convictions in Florida Courts

The USSC data covers the universe of federal drug cases, but it is possible that the
type of cases prosecuted in federal court versus state court changes after 2010. Cases can
be prosecuted federally for many reasons (see Appendix D for a discussion of the reasons
a case can enter federal court). State and local authorities could send more of their high
weight, 280g cases to federal court after 2010. Similarly, federal prosecutors could pull
more of these types of cases from state and local courts after 2010.

To test this possibility, | use state-level data on cocaine offense convictions from
Florida38 Florida classi es drug offenses using broad ranges: 0-28g, 28-200g, 200-400g,
and 400+g. The USSC data show a sharp 3.6 percentage point increase in cases with 200-
4009 convicted in a Florida federal district after 2010 (see Table 3.5, column 7 and Figure
A3.11a). If the bunching in federal cases is due to state and local authorities sending
more 280g cases to federal prosecutors, then there should be a mirrored decrease in the
fraction of state-level cases in Florida with 200-400g. Even more, the decrease should be
especially pronounced for black and Hispanic offenders.

| do not nd a decrease in state convictions for 200-400g in general or by race.

Figure 3.4a plots the share of all cocaine cases in Florida that are for offenses with 200-

370ther papers also nd that offenders do not respond or respond only modestly to a change in pun-
ishments/sanctions. For example, Lee and McCrary (2017) nds that offenders do not discontinuously
decrease offending at age 18, despite a discontinuous increase in the probability of a harsh sentence at that
age.

38In Appendix A, | show similar results for North Carolina. | do not include NC in the main analysis
because many of its drug convictions do not include any information about drug type involved.
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4009 of cocaine by race. Columns 1 and 2 of Table 3.5 con rm this. The probability
a state-level drug conviction is in the 200-400g range in Florida does not meaningfully
change after 2010. This implies that shifting from state and local courts to federal courts
cannot explain the sharp rise of cases at 280g in federal sentéfidimgable A3.12 and
Figure A3.11b-c, | show these results are robust to alternative sample restrictions and to
using similar data from North Carolina.
Bunching by Law Enforcement Agency Sending Case to EOUSA

The EOUSA prosecutor case management les (which | analyze in more detail
below) include a eld that indicates the law enforcement agency that sends the case to the
EOQOUSA. If the bunching at 280g is caused by a shift from state courts to federal courts,
then bunching should only be present in cases with state law enforcement involved. In
Figure A3.11d, | plot the fraction of cases with 280-290g over time by the type of agency
involved. | nd that bunching at 2809 is present in cases with state law enforcement
involvement and in cases that are sent from Federal agencies (see Table A3.13 for a formal
test). This is further evidence that the bunching at 280g after 2010 is not the result of state

to federal case shifting.

39Since there are many more cases convicted at the state-level versus federal-level, it is possible that
a minor, undetectable shift in Florida would be detectable at the Federal-level. This is not the case for
the 200-400g range. First, the state-federal disparity in number of cases is due to states prosecuting more
minor possession cases than the federal courts. There are 150 crack or powder cocaine cases in the 200-
4009 range convicted in federal court districts located in Florida after 2010. There are only 200 cases in this
range convicted in Florida state courts after 2010. Re-coding 150 of the 200 Florida cases as if they were
not in the 200-400g range does yield a detectable effect. Similarly, re-coding 150 cases not in the 200-400g
range as if they were in the 200-400g range also yields a detectable effect. This simple simulation implies
that a shift of cases from Florida to the federal system would be detectable in the state data. A related
concern is that the large number of cases in urban counties may mask shifting in rural counties. | split the
analysis by counties with greater than 5000 cocaine convictions from 2000-2015 and counties with less
than 5000 cocaine convictions from 2000-2015. | do not nd substantial shifting for either group. For small
counties (those with less than 5000 cocaine convictions), | nd a decrease in cases with 200-400g of about
0.1 percentage points. For large counties (those with more than 5000 cocaine convictions), | nd no change
in cases with 200-400g (less than 0.02 percentage points).
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Law Enforcement Discretion
NIBRS, Local Law Enforcement Drug Seizures

Using a balanced panel of agencies in the NIBRS data on drug crime, | examine the
distribution of drug seizure quantities. If local law enforcement is the source of bunching,
| should observe an increase in bunching at 280-290g after 2010. Figure 3.4b plots the
fraction of drug seizures with 280-290g over time and does not show an increase in drug
seizures with 280-290g after 2010, in general or by race. These results are also shown
in Columns 3 and 4 of Table 3%. In addition, only 5 incidents total are reported with
280-290g in the NIBRS after 2010. This suggests that discretion in local law enforcement
and drug sting tactics cannot explain the bunching in drug amounts after 2010.
DEA STRIDE, Federal Law Enforcement Drug Seizures

| also test for bunching in drug quantities from the DEAs STRIDE dataBase.
This data includes exhibits sent to DEA laboratories from both federal and local law
enforcement agencies. Figure 3.4c plots the share of cocaine exhibits with weights from
280-290g from 2000-2015. There is no increase in exhibits with 280-290g after 2010.
Again, Table 3.5 also shows this result. In fact, there are less than 20 total cocaine exhibits
in the DEA data with 280-290g after 2010. This further suggests that local and federal
law enforcement are not responsible for the observed bunching at 2809 after 2010.
Prosecutorial Discretion

Bunching in Prosecutor Case Management Files

40This result is robust to using only states that have full coverage by 2012 (i.e. states in which all agencies
are participating in NIBRS) and 90-100% coverage from at least 2008-2015 (DOJ 2012). See Table A3.14
and Figure A3.12.

41The analysis in this section uses unvalidated DEA data, and | claim authorship and responsibility for
all inferences and conclusions that | draw from this information.
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The EOUSA provides case-level data extracted from their internal case manage-
ment system. Using this data, | test for bunching in the quantity of drugs recorded in the
case management system. Figure 3.4d shows that there is a sharp increase in the fraction
of cases recorded with 280-290¢ after 2620Since | nd no evidence of bunching in
data from earlier stages, this suggests that the bunching occurs once the case is in the
hands of the prosecutor.

Table 3.5 indicates that the fraction of cases in 280-290g increases by 7.7 percentage
points after 2010. This is twice the increase | nd in the nal sentencing data. This
difference is likely driven by missing values in the EOUSA les. Re-coding each missing
value as though it were not in the 280-290g range (i.e. equal to zero) yields an increase
of about 3.5 percentage points after 2010, which is consistent with estimates from the
sentencing data. The main results below are robust to missing value re-ééding.

| also examine bunching at 280g for cases received by the EOUSA before the Fair
Sentencing Act is signed into law. These cases are less likely to be in uenced by offender
or police responses to the FSA. For cases that are received by the EOUSA 60 days before
the FSA but sentenced after the FSA, 2.7% are bunched at 280-290g. For cases that are
received by the EOUSA 60 days before the FSA and sentenced before the FSA, 0.4% are
bunched at 280-290g. The timing of bunching in these cases further suggests the increase
in bunching at 280g is due to prosecutor decisiths.

The EOUSA data do not contain a eld for race of the defendant. | can impute

race for cases from the EOUSA data that contain a sentence month and year (not all cases

42See Figure A3.13a for a plot of bunching at 280g by the month the case is received.

43See Table A3.15 and Figure A3.13b-c for the main bunching results after re-coding the 280-290g
dummy variable as equal to zero when the drug weight is missing.

44Figure A3.13d plots bunching by year sentenced for cases received before the FSA.
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received are sentenced) by using the racial composition of sentencing in each year-month
from the USSC sentencing data. As before, | nd an increase in 280-290g cases after
2010 and a particularly large increase in months with more black and Hispanic offend-
ers sentenced (see Table A3.15). In Table A3.15, | also show that the disproportionate
bunching for black and Hispanic offenders (using imputed race) is robust to including
prosecutor xed effects.

Prosecutor-level Bunching Estimates

To further explore bunching by prosecutors, | use the ID of the lead attorney on
each case and test for heterogeneity in bunching by attorney. Since each attorney only has
a small number of cases and since | do not know the speci c circumstances of each case,
| cannot pinpoint “bad behavior” from any individual attorney. However, by estimating
bunching separately for each attorney, | can calculate the fraction of prosecutors responsi-
ble for the observed bunching. Also, | can compare the distribution of cases for bunching
and non-bunching attorneys to further understand where the excess mass at 280-290g is
coming from (i.e. where there is relatively less mass in the bunching attorney distribution
compared to the non-bunching attorney distribution).

Prior to 2010, approximately 0.4% of all cases with a drug quantity less than 1000g
were recorded as having 280-290g. | use this statistic as a benchmark to detect attorneys
who bunch after 2016> For each attorney, | calculate the percentage of their cases with
280-290g of drugs after 2010. | classify an attorney as a “bunching” attorney if their

bunching is greater than or equal to 0.4%. For this analysis, | limit the sample to attorneys

45| can also use the district-level pre-2010 average to account for district xed effects in cases at 280-
290g. Even more, | can use each attorney's pre-2010 behavior as their own benchmark to detect bunching
post-2010. Both approaches yield similar results.
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with 10 or more cases after 2010. Results are similar when using lead attorneys with 5 or
more drug cases after 2010 or with 15 or more drug cases after 2010.

The majority of these attorneys exhibit no bunchffidn other words, their fraction
of cases with 280-290g post-2010 is at or below the pre-2010 average. Approximately
30.4% of prosecutors, however, do have a higher than normal percentage of cases with
280-290g after 2010. Drawing 50 samples (strati ed on lead attorney ID and with replace-
ment) from the data and re-calculating the fraction of bunching attorneys in each sample
yields a standard error of 0.024. This implies a 90% con dence interval on the estimate
of about 26.4-34.3%. Over 50% of these attorneys have two or more cases at 280-290g
and over 25% have three or more cases at 280-290the fraction of bunching attor-
neys is also signi cantly different at the one percent level from the fraction calculated by
randomly re-assigning cases to prosecutors (see Figure A3.15).

In Figure A3.16, | map the number of bunching attorneys in each state (using attor-
neys with 5 or more drug cases post-2010 to increase the set of states that have eligible
attorneys)® The attorney-level bunching cannot be accounted for by district xed ef-
fects. The within-district standard deviation in the 280-290g bunching metric is 0.13,
the between-district standard deviation is similar at 0.12, and district xed effects only

explain about 6% of the variance in the attorney-level bunching metric.

46Figure A3.14 plots a histogram of the resulting measure for the 128 attorneys who served as lead
attorney on at least 10 drug cases after 2010.

4"While this statistic is only calculated for the 128 attorneys with 10 or more drug cases post-2010, this
ratio of non-bunching to bunching attorneys holds for the entire data. In fact, those bunching attorneys with
10+ cases post-2010 do not even account for half of the total observed bunching. Removing the bunching
attorneys with 10+ cases post-2010 decreases the bunching estimate from 0.078 to 0.054. In other words,
the majority of bunching at 280g is accounted for by prosecutors with fewer than 10 cases post-2010.

48The number of bunching attorneys in a state is positively correlated with racial animus in that state (see
Table A3.16).
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Further Evidence on Source of Excess Mass at 280g

In Table 3.7, | estimate the likelihood a case is charged below 280g, with 280-
290g, or above 2909 for the bunching versus the non-bunching attorneys. This echoes the
approach that Goncalves and Mello (2018) use to formally estimate bunching in speeding
tickets in Florida™ For this analysis, | use two de nitions of a bunching attorney: (1)
attorneys who have an above-average share of cases with 280-290g post-2010 and (2)
attorneys who have an above-average share of cases with 50-60g pre-2010. De nition
(2) provides a classi cation of bunching attorneys that is not mechanically related to the
fraction of cases in the 280-290g rartje.

The key idea is that the non-bunching attorneys provide a counterfactual density
since they are not responding to the mandatory minimum thresholds in the same way
as the bunching attorneys. Comparing these two groups, | see that non-bunching attor-
neys (in both de nitions) have more cases below 2809 post-2010 than bunching attorneys
and a similar number of cases above 290g post-2010. This provides further evidence,
from different data and a different source of variation, that those attorneys who bunch at
mandatory minimum thresholds are shading up the reported quantity of crack-cocaine.
Additional Evidence on Prosecutor-level Bunching

Next, | identify attorneys who switch from one federal district to another federal
district, and, using the two de nitions above, | test whether bunching is persistent across

districts. De nition (2) is important for this analysis because there are few attorneys

49They compare lenient police of cers to non-lenient police of cers.

S0In Appendix A, | show that the results using de nition (1) are robust to categorizing the prosecutor for
defendant as a bunching or non-bunching attorney leaving out deferideoth the determination, and that
all results are robust to bootstrapping the standard errors to adjust for error in the bunching classi cation.
| also show that these results are robust to using attorneys with 15+ cases or 5+ cases. See Tables A3.17-
A3.19.
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who switch districts and have a suf cient number of cases post-2010 in both districts.
Table A3.20 shows these results. | nd that an attorney who bunches at the 10-year
mandatory minimum threshold in their rst district is more likely to bunch at the 10-
year threshold in their second district than an attorney who does not bunch at the 10-
year threshold in their rst district. In other words, bunching at the 10-year mandatory
minimum threshold is a behavior that persists across districts, suggesting that bunching
is related to a characteristic of the prosecutor and not another actor in the district (e.g.
police, judge, or defense attornéy).

In Figure A3.17, | examine how other prosecutors in a district change their bunching
behavior when a bunching prosecutor enters. | nd that that when a bunching attorney
switches into a new district, all other attorneys in that district begin bunching more. To
conduct this test, | classify bunching attorneys using data from 1994-1999 and de nition
(2). | then identify the districts that those attorneys move into, and | study the attorneys
in that district after the rst bunching attorney moves in post-1999. This means earlier
years are over-represented. | show that bunching increases in a district once a bunching
attorney enters, but that it does not decrease once the bunching attorney leaves. This is
suggestive evidence that the increase in bunching is not related to a temporary shift, such
as competition among attorneys, but that it may be related to something more permanent,
such as learning about techniques or developing new beliefs/norms. Figure A3.18 shows
that bunching at the 10-year mandatory minimum increased by 60% from 1988-90 to

2010, which is consistent with the practice of bunching being learned over time. The

51Recall, Table A3.13 shows that the increase in bunching at 280-290g is similar for most police agencies
sending cases. This also suggests that the variation in bunching at the prosecutor level is due to prosecutor
choices and not choices made by investigators.
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gure notes in Appendix A contain a more detailed discussion of these results.

Finally, in Table A3.21, | show that attorneys who bunch at 280-290g post-2010
also have more cases bunched at 28-29g (the ve-year mandatory minimum) post-2010
and more cases bunched at 50-60g pre-2010 (the pre-2010 ten-year mandatory minimum).
Likewise, attorneys who bunch at 50-60g pre-2010 also have more cases bunched at 28-
29g post-2010 and 280-290g post-2010. One concern about the estimation of prosecutor-
level bunching is that the variation across prosecutors could be due to noise alone, es-
pecially since | only require prosecutors to have 10 or more cases after 2010. These
results that show prosecutor-level bunching is persistent across time, across districts, and
across mandatory minimum thresholds provide strong evidence that the prosecutor-level
bunching metric does contain a signal of prosecutor type.

While it may be surprising that prosecutors could induce this bunching, recall that
this ability is explicitly written into federal sentencing guidelines. One tool prosecutors
can use to increase the weight used at sentencing is tying the defendant to a larger drug
conspiracy. Cases with 280-290g after 2010 are more likely to have a lead charge of
“drug conspiracy” than cases with 290g-1000g (see Table A3.22). Prior to June 2013, the
evidence about relevant quantities did not need to satisfy the “beyond a reasonable doubt”
evidentiary standard, because the “principles and limits of sentencing accountability un-
der this guideline are not always the same as the principles and limits of criminal liability”
(USSC, 2015). A Supreme Court decision in June 2013 changed the evidentiary standard,

and | evaluate that change below.
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3.5.4 The Impact oAlleyne v. United States

On January 14, 2013, the Supreme Court began hearing arguments in ti#d-case
leyne v. United StatesThe petitioner, Allen Alleyne, argued that facts that increase the
mandatory minimum sentence for a defendant are “elements” of the alleged crime and
should be evaluated by a jury. In a 5-4 decision on June 17, 2013, the Court ruled in
favor of Alleyne and issued a decision that changed the evidentiary standard for evidence
related to mandatory minimum sentencing enhancements (Bala 2015).

Prior to this decision, evidence on drug quantities was presented to the judge during
the “sentencing phase” of a trial. The presiding judge would then decide, based on the
legal standard of “a preponderance of evidence,” whether the mandatory minimum sen-
tence applied. The Supreme Court decision required that evidence that would raise the
minimum sentence for a defendant be presented to the jury and evaluated based on the
stricter legal standard of “beyond a reasonable doubt.” | estimate how prosecutors reacted
to this decision by comparing the change in bunching around June 17, 2013 to the change
around June 17th in other years after 2010. If prosecutors are in ating drug amounts to
levels that could not be supported at trial, then there will be a decrease in bunching for
cases received after the Supreme Court decision.

Using the EOUSA case management data, | estimate the discontinuity in the preva-
lence of bunching for cases received around June 17, 2013 relative to the discontinuity

for cases received around June 17 in all years after 2010 excluding 2013:
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(Recorded 280 290g)it = ag+ biAfterJunel® + boDaysFrom + bs(After DaysFromi
+ dy(AfterJunel?7 Year2013j + dy(DaysFrom Year2013;
+ d3(After DaysFrom Year2013; + Dit + & (3.13)
where Aftey is equal to one if casieis received after June 17th of yddout before
January 1st of year1 and is equal to zero if casas received before June 17th of year
t but after January 1st of year DaysFrom is the number of days from June 17th that
case is received, and Year20il3s equal to one if caseis received in 2013 and is equal
to zero if it is received in 2011-2012 or 2014-20°%6D;; represents day-of-week xed
effects. The coef cienb; is the average discontinuity in the fraction of cases with 280-
290g after June 17 from 2011-2016. The coef cidpis the discontinuity that is speci ¢
to June 17, 2013-the date of tA#leynedecision®3>4
Column 2 of Table 3.8 shows this result using a bandwidth of 130 days (the Imbens-
Kalyanaraman optimal bandwidth for 2013) before and after June 17th in each year. The
coef cient in the rst row indicates that, on average, there is approximately no change
in bunching after each June 17th from 2011-2031@he next coef cient, labeled “After

June 17, 2013”, shows the change in bunching that is speci ¢ to June 17, 2013. | nd

52| do not include 2017 in these analyses since the data do not include the full year.

53In response ta\lleyne Attorney General Eric Holder released a memo in August 2013 instructing US
attorneys to decline to charge quantities necessary to trigger the mandatory minimum in cases with low-
level and non-violent offenders who have little criminal history. The decrease in bunching could be a result
of this memo and not the Supreme Court decision. To address that concern, | narrow the bandwidth of
the RD design to 60 days before/after June 17th. Even then, | nd a discontinuous decrease in bunching
(although the standard errors are much larger). Also, using updated EOUSA data, | nd that there is no
change in bunching after May 12, 2017, the day Attorney General Jeff Sessions rescinded the August 2013
Holder memao.

541 do not conduct the traditional RD identifying assumption tests in this section. For one, the EOUSA
data contain very few case-level covariates. Even more, the resulting discontinuity, whether it arises from
prosecutors rushing to try cases before the Supreme Court decision or solely from prosecutors changing
their behavior immediately after the decision, reveals that prosecutors were submitting evidence to judges
that they believed would not hold up if submitted to a jury. That said, the density of cases is displayed in
Figure A3.19a.

55The coef cient on AfterJunel7 for 2013 is at least twice as large as the next largest all other years from
1999-2016 (when estimating the non-2013 years separately instead of pooling). See Figure A3.19b.
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that bunching changes discontinuously only after June 17, 2013. In fact, the fraction
of cases recorded with 280-290g drops by about 15 percentage points after the ruling in
Alleyne. This is also the case for the 120-day and 60-day bandwidth, although as | narrow
the bandwidth, | lose precisiofi. Table A3.23 shows that the decrease in bunching after
Alleyne is robust to imputing missing values as zero. Figure A3.20 shows robustness to
additional bandwidth choices and choice of polynomial.

Figure 3.5 illustrates the large discontinuity in the fraction of cases with 280-290g
around June 17, 2013. Although it does not eliminate it entirely, it is clear that Alleyne
at least somewhat reined in the practice of bunching. This suggests that prosecutors were
using discretion to build cases on evidence that was unlikely to pass “beyond a reasonable

doubt” scrutiny from juries.

3.5.5 Discrimination and Alternative Explanations

Now, | introduce a simple model of prosecutor objectives to discuss potential ex-
planations for the racial disparity in bunching at 280g and to motivate empirical tests of
those explanations.

Model of Prosecutor Objectives

First, | detail the prosecutor's decision problem, which determines the probabil-

ity Pr(a= mnjs;r)! that a case with a given amount seizednd defendant raceis

charged with an amourd that is equal to the mandatory minimum threshoidh=

56 do not nd a decrease in the fraction of cases recorded with 280-290g after the announcement that the
Supreme Court would hear the case (in October 2012) or after the oral arguments (in January 2013). Unlike
some Supreme Court cases, the ultimate ruling in June 2013 was not clear from the outset. At the time,
the New York Times referred to the case as a “murky area of sentencing law” on which the Supreme Court
had issued “contradictory rulings.” For this reason, the announcement and the arguments alone would not
provide suf cient evidence of whether the law would ultimately change.
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f5;28;50;280g. Although | do not estimate any of the parameters in the following model
directly, | use it to illustrate channels through whiegh(a= mnjs;r)t may differ by race
and to discuss suggestive empirical tests of those various chaninels.

The prosecutor for the case choosesdaheunt (in grams) of drugs chargeda,
and can charge amounts higher tls@ized evidence by collecting additional evidence
a S. Seized evidenceis a noisy measure dfue drug traf cking d, which is unob-
servable to the prosecutor. For a given case, prosecuatowoses the amount of drugs

chargeda to solve the following problem:

map(l(@)’) 9(nx) ca 9 cal@" (I (snx)+fi(rx))) (3.14)

The functionp(:) represents theareer bene ts a prosecutor gets from securing a
longer sentence. There are also costs to the prosecutor associated with in@gesisaig
as thecost of gathering the additional evidencecg(a ) to build the case. This cost
Cg(a 9)isincreasing ira s.°8 This cost is determined by other actors the prosecutor
must face in the process of working a case. Judges, defense attorneys, juries, witnesses,
or other actors in the criminal justice system who are racially biased may present fewer
obstacles to entering the additional evideaces for cases involving black and Hispanic
defendants. Also, if defendants of one race procure better defense counsel, that counsel

may make it more dif cult for the prosecutor to use additional evidemces. Thesecost

5’Note, | write down a static model below, but it can incorporate reputational bene ts or reputational
costs associated with bunching. The data are not amenable to testing dynamics at the prosecutor-level. |
focus on the static problem because it has clear connections to empirical tests | can conduct.

58again, | assume that prosecutors don't suppress evidence andithus,
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differences by race(and other defendant characteristics) are capturg@)n

The prosecutor also facepaychic cost of deviatingcy(:) from the sentence that
would be justi ed by law if true drug traf cking were observed | (d). Since true drug
traf cking d is unobservable, prosecutors form an expectatiod by solving a signal
extraction problem given the seized evidescgefendant race and other characteristics
x. This yieldsl (s;r;x).%°

Finally, a prosecutor speci c taste parameterf(r;x) is added to the sentence
| (s;1;X), re ecting the prosecutor's animus for defendants based onrracether char-
acteristicsx. Assume that only; varies at the prosecutor level.

Writing down the prosecutor's objective function makes explicit the various chan-
nels that could cause a conditional racial disparity in the probability a defendant is bunched
at 280g. First, the disparity could be due to taste-based racial discriminfg{bh; x) >
fi(w,X). Second, it could be due to statistical discriminatidn(s;bh;x) > | (s;w;X).
Third, it could be due to racial differences in the cost (to the prosecutor) of building a
case:g(bh;x) < g(w;x). All three of the channels could also be related to other character-
isticsx that are correlated with racerather than race itself.

Empirical Tests of Discrimination and Other Explanation
Other Offender Characteristics

First, | test the explanation that the racial disparity in bunching at 280g is driven
by a characteristic correlated with race. To do this, | estimate how bunching differs by
various observable offender characteristics. Speci cally, | estimate equation (3.2) fully

interacted with binary variables for the following offender characteristics: college edu-

59 model the signal extraction problem in Appendix C.
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cation or more, male, above the median age for offenders, offense involves a weapon,
above the median criminal history score, above the median number of other current of-
fenses, and convicted in a state with an above median fraction of black or Hispanic cases
pre-2010.

This partially addresses concerns that white and black and Hispanic offender's are
different on a wide range of other characteristics and that race may be a proxy for those
characteristics. By estimating bunching by race and education, for example, | can com-
pare black offenders with a college education to white offenders with a college education.
If the racial disparity still exists within education categories, then this suggests that the
racial disparity is driven by attitudes about race. In Table 3.9, | show that the racial dis-
parity in bunching exists even within all of these observably similar groups.

The observable characteristics from the USSC data are only a subset of what the
prosecutor observes about a defendant. One concern is that black and Hispanic drug
offenders may be more likely to operate in drug organizations or gangs, and that prosecu-
tors may charge offenders from gangs with higher amounts for various reasons. The 2004
Survey of Inmates in Federal Correctional Facilities (SIFCF) indicates that black and His-
panic federal drug offenders alesslikely to be a member of a drug organization than
white federal drug offenders. Also, they are less likely to report income from illegal ac-

tivities prior to arresf® Also, although the amount charged is endogenous to the presence

60The SIFCF is a nationally representative survey of inmates in federal prisons. Over 3,000 inmates from
39 federal prisons were interviewed for the 2004 survey. The interviews were conducted by the US Census
Bureau on behalf of the Bureau of Justice Statistics. At the beginning of the interview, inmates are told their
answers are con dential and that their responses cannot be released to the prison or to anyone else in a way
that would identify them. These data contain information on whether the offender was involved in a drug
organization/gang. Although the statistics are based on self-reports, it does not appear black and Hispanic
offenders report differently than white offenders on other sensitive questions, such as whether police used
force during their arrest or whether they have had thoughts of revenge.
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of a conspiracy charge, there is a racial disparity in bunching for offenders charged with
conspiracy and for offenders not charged with conspiracy (see Table 3.9, column 8). As
in the SIFCF data, white offenders are also more likely to face a conspiracy charge. This
further suggests that differences in gang participation by race do not explain the racial
disparity in bunching at 280g.

Costs to the Prosecutor of Bunching at 280g

In this section, | test the explanation that the racial disparity is due to racial differ-
ences in the costs to the prosecutor of bunching a case at 280g.

First, | test whether racial difference in defense counsel could explain the racial
disparity in bunching. The data do not include the offender's type of defense counsel in
all years. This information is available for 1999-2002, but in those years, black, Hispanic,
and white crack-cocaine offenders are equally likely to be represented by private coun-
sel®l The 2004 Survey of Inmates in Federal Correctional Facilities also indicates that
private counsel retention is the same by race. Using data from the 1999-2002 USSC les,
| construct each district's private counsel retention rate and tag districts as below or above
median private counsel retention. | nd that bunching and the racial disparity in bunching
is similar in places with low and high private counsel retention (see Table A3.24).

Next, | consider whether the racial disparity in bunching can be attributed to judge
bias. | am able to match approximately half of the cases in the EOUSA les to a judge
race and political party. For these cases, | do not nd any evidence that judge race or

political party in uences the probability a case is bunched at 280g (see Table A3.25).

6121.0% of white offenders, 22.7% of black offenders, and 21.7% of Hispanic offenders retain private
counsel from 1999-2002.

62 have also examined heterogeneity in bunching by race of the head US attorney in the district and the
racial composition of prosecutors, judges, defenders, and probation of cers in the district. | do not nd
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Also, unlike prosecutors, judges with a high share of cases at 280g post-2010 are not any
more likely to have cases at 28g post-2010 or at 50g pre-2010 (see Table A3.26).

| also test whether district-level differences in costs of gathering evidence are related
to bunching at 280g. | nd that the increase in bunching at 280g is similar in districts with
a low and high fractions of cases declined due to “weak evidence” or “lack of resources”
(see Table A3.2332 This suggests that costs of developing evidence are not related to the
rise in bunching at 280g.
Taste-based vs. Statistical Discrimination

Lastly, | consider taste-based vs. statistical discrimination. These two explanations
are dif cult to disentangle. A simple model of statistical discrimination would imply that
prosecutors within the same district should be equally likely to bunch cases at 280g and
that, after accounting for other offender characteristics, the racial disparity in bunching
should decrease. | nd that there is variation in the level of bunching across prosecutors
within districts, and that the racial disparity exists within observably similar defendant
groups. While these results could be reconciled by a more detailed model of statistical
discrimination, they suggest that the simple model outlined above does not explain the
racial disparity.

One potential explanation of these results is that some prosecutors have biased tastes
against black and Hispanic drug offenders and believe they should be punished more
harshly than white drug offenders. To explore the taste-based discrimination mechanism,

| use a state-level measure of racial animus constructed by Stephens-Davidowitz (2014)

robust results on these margins.
63The EOUSA les contain information about why a case is declined for about 60% of its cases.
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based on intensity of Google searches including racial slurs in each state. | match this
measure to the USSC Sentencing data using the state of the federal district in which the
offender is convicted. | take this measure of racial animus as a potentially valid measure
of prosecutor tastes for several reasons: about half of government lawyers work in the
same state they were born in (author's calculation from 2000 and 2010 publicly available
Census samples), assistant US attorneys must reside in the district they serve in, and
assistant US attorneys have a choice over where to &pply.

Again, | estimate equation (3.2) fully interacted with a dummy variable for high
racial animus states that is equal to one if the state where the offender is convicted is
above the median on a measure of racial animus from Stephens-Davidowitz (2014) and
equal to zero if it is below the median. If racial animus is correlated with some state-level
preference for harsh sentencing, then | should nd an effect for both white and black
and Hispanic offenders. However, if the effect is driven by racist beliefs about black and
Hispanic offenders, then it should only be present for those groups.

| nd that in states with a higher level of racial animus, bunching at 280-290g is

more prevalent speci cally for black and Hispanic offend&¥§® These results are in

64Recall that Alleyne v. US made the jury more important in mandatory minimum cases after 2013.
This change led to stricter evidentiary standards for mandatory minimum cases (beyond a reasonable doubt
versus preponderance of evidence). However, if juries are, on average, more racially biased than judges,
then the effect of Alleyne v. US may be buffered by the increased racial bias of juries. | nd that the
fraction of cases at 280-290g in low racial animus states (below median) fell by 40% from 2011-2012 to
2014-2017. In high racial animus states (above median), the fraction of cases at 280-290g fell by 20%. This
is suggestive evidence that Alleyne was, in fact, less effective in states with high racial animus. However,
in all states, the increase in evidentiary standards led to a net decrease in cases at 280-290g.

55The racial animus measure was developed to measure animus against black people. | assume that this
is correlated with animus for Hispanic people, so | focus on the pooled results. However, the estimates are
similar if I exclude black offenders or Hispanic offenders.

66Speci cally, | split states by above/below the median racial animus. States above the median racial
animus measure are: AL, AR, CT, DE, FL, GA, IL, IN, KY, LA, MD, MI, MO, MS, NC, NJ, NV, NY, OH,

OK, PA, RI, SC, TN, and WV. States below the median racial animus measure are: AK, AZ, CA, CO, Hl,
IA, ID, KS, MA, ME, MN, MT, ND, NE, NH, NM, OR, SD, TX, UT, VA, VT, WA, WI, and WY.
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Tables 3.9-3.10. Column 8 of Table 3.9 shows that in states with high levels of racial
animus, black and Hispanic offenders are substantially more likely to be charged with an
amount at or slightly above the mandatory minimum threshold.

Table 3.10 explores the robustness of this result. Columns 1-4 introduce individual
and district-level controls interacted with the after 2010 by race dummy variables, and
the relationship between animus and bunching is unchanged. Columns 5 and 6 estimate
the relationship between bunching and the continuous measure of state-level animus from
Google Trends. The coef cient in column 5 is not statistically signi cant (p-value =0.2),
but the magnitude is much larger than the coef cient for white offenders. Also, based on
that coef cient, white and black and Hispanic offenders at low-levels of animus are not
statistically different from each other, but they are statistically different at higher levels of
animus. Column 6 re-estimates column 5 after eliminating outliers in the animus measure
(states with animus below the 1st percentile or above the 99th percentile).

In column 7 of Table 3.10, | introduce a district-level of racial animus by aggregat-
ing implicit association test scores for people reporting an occupation of “lawyers, judges,
and related workers.” Since many states contain multiple federal districts, | include state
xed effects interacted with after 2010 by race dummy variables. The estimate, then,
is identi ed from within state variation in the IAT animus measure. | nd the average
IAT score of lawyers in a federal district is correlated with higher bunching for black and

Hispanic offenders (p-value = 0.14).
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3.6 Conclusion

For federal drug crimes, a sharp increase in sentencing is triggered when the offense
involves at or above a certain amount of drugs. In this paper, | show that there is substan-
tial bunching at and above that point where the mandatory minimum sentence increases,
and that bunching is disproportionately larger for black and Hispanic offenders. | use the
pre-2010 distribution of drug weights, when the threshold is at 50g instead of 280g, to
show that the racial disparity in bunching at 280g post-2010 is conditional on observed
drug amounts.

Since the bunching only appears in prosecutor case management data and the nal
sentencing data but not in data on state-level convictions or drug seizures, it is likely a re-
sult of prosecutorial discretion. Several additional tests con rm this. In fact, just 20-30%
of attorneys account for 100% of the bunching observed in the case management data. In
addition, bunching becomes less prevalent among prosecutors following a Supreme Court
decision that requires stricter evidentiary standards for drug quantity evidence. This, in
addition to numerous other tests discussed above, suggests that prosecutors are shading
drug amounts upward to induce longer sentences.

Why do some prosecutors bunch black and Hispanic defendants at 280g more often
than white defendants? The racial disparity cannot be explained by observable individual
characteristics or district characteristics. Black and Hispanic crack-cocaine defendants
are just as likely to retain private counsel as white defendants. Also, bunching at 2809 is
unrelated to judge race, political party, and the judge's share of cases at other mandatory

minimum thresholds. Since only a subset of prosecutors practice bunching and there is
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variation across prosecutors within federal districts, a simple model of statistical discrim-
ination does not apply either. This suggests the disparity may be the result of taste-based
discrimination. In fact, I nd the racial disparity in bunching at 280gq is largest in federal
districts in states with higher levels of racial animus.

Finally, the bunching in drug weights and the racial disparity in bunching has mean-
ingful implications for the racial sentencing gap. Depending on the counterfactual sen-
tence imputed for the affected offenders, bunching at 280g can account for 2-7 percent of
the racial disparity in crack-cocaine sentences. A highly conservative estimate suggests
that being bunched at 280g adds 1-2 years to an offender's sentence. Multiple estimates
suggest the cost of incarceration (combining direct care costs and the cost of lost current
and future wages for the offender) is approximately $60,000 per person per year (Donohue
2009; Mueller-Smith 2015). | nd 3.6% of black and Hispanic crack-cocaine offenders
are bunched at 2809 after 2010 versus 1.2% of white crack-cocaine offenders. Assuming
3.6% and 1.2% of all drug cases from 1999-2015 were subject to similar discretion by
race implies total costs of 1.3 billion dollars for black and Hispanic offenders versus 148
million dollars for white offenders. In terms of incarceration, the disparity implies 21,000
years sentenced due to this discretion for black and Hispanic offenders versus 2,500 years

sentenced for white offenders.
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