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Abstract
I estimate the eect of attending a rst-choice middle or high school on young
adult criminal activity, using data from public school choice lotteries in CharlotteMecklenburg school district (CMS). Seven years after random assignment, lottery winners have been arrested for fewer and less serious crimes, and have spent fewer days
incarcerated. Lottery winners attended schools that were higher quality according to
measures of peer and teacher inputs, as well as revealed preference, and the gain was
roughly equivalent to switching from one of the lowest ranked schools to one at the
district average.

The reduction in crime persists through the end of the sample pe-

riod, several years after enrollment in the preferred school is complete. The eects are
concentrated among African-American males whose

ex ante

characteristics dene them

as  high risk. As a result the CMS lottery assignment system, which gave priority to
disadvantaged applicants, probably reduced crime relative to a simple lottery like those
implemented by many U.S. charter schools.
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1 Introduction
Can improvement in the quality of public schools be an eective crime prevention strategy? Criminal activity begins in early adolescence, and peaks when most youth should still
be enrolled in secondary school (Wolfgang, Figlio and Sellin 1987; Farrington et al. 1986;
Sampson and Laub 2003; Levitt and Lochner 2001). Crime is concentrated among minority
males from high poverty neighborhoods (Freeman 1999; Pettit and Western 2004; Raphael
and Sills 2006).

An inuential literature on  neighborhood eects links criminal activity

to neighborhood disadvantage through peer interaction models (Sah 1991; Glaeser, Sacerdote and Scheinkman 1996), or processes of socialization and collective ecacy (Sampson,
Raudenbush and Earls 1997).
Still, schools may be a particularly important setting for the onset of criminal behavior.
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Urban schools in high-poverty neighborhoods have high rates of violence and school dropout,
and struggle to retain eective teachers (Lankford, Loeb and Wycko 2002; Murnane 2008;
Cook, Gottfredson and Na 2009). Only 35 percent of inmates in U.S. correctional facilities
earned a high school diploma or higher, compared to 82 percent of the general population
(Bureau of Justice Statistics 2003). The best existing empirical evidence of the link between
education and crime comes from Lochner and Moretti (2004), who use changes in compulsory
schooling and child labor laws to estimate the eect of additional years of schooling on
criminal activity. But the intensive margin of school quality is potentially more relevant for
policy. In a human capital framework, low-skilled youth will engage in crime early in life
because of low anticipated returns to schooling (Lochner 2004). If increased quality raises
the return to investment in schooling, youth will stay in school longer, earn higher wages as
adults, and commit fewer crimes.

2

Yet there is little evidence of the eect of school quality

1 Since most public schools' assignment zones are dened by neighborhood, disentangling the separate
inuences of neighborhoods and schools is dicult. Jacob and Lefgren (2003) nd that contemporaneous
school enrollment leads to decreases in property crime but increases in violent crime, although their sample
is not representative of large urban school districts.

2 Additional compulsory schooling might accomplish the same goal, but the range of options for policy-

makers is limited. The minimum school leaving age is already 18 in 18 states, and enforcement of truancy
laws is sporadic (Oreopoulos 2006). Also, the population of  never takers (i.e. youth who would drop out
of school at the same age regardless of the law) might be particularly important.
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on crime.
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In this paper I link a long and detailed panel of administrative data from CharlotteMecklenburg school district (CMS) to arrest and incarceration records from Mecklenburg
County and the North Carolina Department of Corrections (NCDOC). In 2002, CMS implemented a district-wide open enrollment school choice plan. Slots at oversubscribed schools
were allocated by random lottery.

School choice in CMS was exceptionally broad-based.

Ninety-ve percent of students submitted at least one choice, and about forty percent chose
a non-guaranteed school. Youth at higher ex ante risk for crime were actually more likely
to choose a non-guaranteed school, allaying concerns about  cream-skimming that might
complicate the external validity of the ndings (Epple and Romano 1998).
I estimate the causal eect of winning the lottery to attend a rst-choice school on
criminal activity through 2009, seven years after random assignment. Across various schools
and for both middle and high school students, I nd consistent evidence that winning the
lottery reduces adult crime.
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The eect is concentrated among African-American males

and youth who are at highest risk for criminal involvement. If I weight crimes by the best
available estimate of their cost to society, attendance at a rst choice school saves society
at least $14,000 in criminal victimization costs per applicant, again with greater eects
for youth who are at higher risk for crime. Lottery winners also attend school longer and
show immediate improvements on school-based behavioral outcomes such as absences and
suspensions.

However, there is no detectable impact on test scores for any youth in the

sample.
The pattern of eects is consistent with an increase in school quality that keeps youth
enrolled in school longer and raises the opportunity cost of crime. Dierences between lottery
winners and losers emerge around age 18 and persist to age 20 and beyond in both the middle

3 Economic models of crime focus largely on changes in costs and benets of crime for individuals on the
margin of work and criminal activity (Becker 1968; Ehrlich 1973; Grogger 1998; Freeman 1999). A notable
exception is Lochner (2004), who examines the onset of criminal behavior in a life-cycle model of schooling,
crime and work. A recent paper by Weiner, Lutz and Ludwig (2009) nds a signicant decline in homicide
following school desegregation.

4 Youth age 16 and above are considered  adult by the criminal justice system in North Carolina. I do

not observe juvenile crime.
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and high school samples. Thus nearly all of the reduction in crime occurs after enrollment
in the preferred school is complete.

The changes in peer and teacher quality experienced

by lottery winners are roughly equivalent in magnitude to moving from one of the worst
schools in the district to a school of average quality. Since nearly all of the lottery applicants
stayed in CMS, winners and losers attended schools with similar budgets and governance
structures. There were no additional community level interventions, such as in the Harlem
Children's Zone (Dobbie and Fryer 2009).

In sum, a treatment of between one and four

years of enrollment in a higher quality public school led to large and persistent reductions
in young adult criminal activity.
I also nd strong evidence of heterogeneous treatment eects. I exploit the richness of
pre-lottery administrative data and estimate the probability that a youth will be arrested in
the future as a function of demographics, prior academic performance, behavior in school,
and detailed neighborhood characteristics. The eect on crime of winning admission to a
preferred school is strongly increasing in this ex ante prediction. For the highest risk youth,
I estimate a reduction of over $55,000 in criminal victimization costs per year enrolled in
the preferred school.

Thus societal welfare gains from targeting resources to these youth

might be substantial (Donohue and Siegelman 1998). Although random assignment of slots
to oversubscribed schools is an ideal research design, it may be suboptimal from a welfare
perspective if treatment eects can be predicted on the basis of observable characteristics
(Bhattacharya and Dupas 2008). I simulate the eect of allocating slots based on ex ante
crime risk rather than at random, and I nd that this would reduce the social cost of crime
by an additional 27 percent. While this allocation method is controversial (and in the case
of race, illegal), it was executed at least in part by CMS, which gave a  priority boost in
the lottery to applicants who met an income standard based on eligibility for free or reduced
price school lunches. I estimate that this priority boost lowered crime by 12 percent, relative
to a lottery without priority groups such as the ones typically administered by US charter
schools.
This paper adds to the growing body of evidence of the benets of school choice (e.g.
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Hoxby 2000). It also adds to the literature on the longer-term impacts of schooling interventions (see e.g. Krueger and Whitmore 2001; Garces, Thomas and Currie 2002; Beleld
et al. 2006; Deming 2009; Deming et al. 2009). One consistent nding that emerges from
this literature is the lack of connection between contemporaneous test score impacts and impacts on later outcomes of direct interest. Since most programs (and increasingly, teachers)
are evaluated on the basis of test scores, this lack of connection is troubling. The results
suggest that behavioral measures may be equal in importance to test scores as predictors
of long-term success, particularly for the high-risk males who are most aected by school
choice in this setting.

Indeed, in a setting that is most similar to the one here, Cullen,

Jacob and Levitt (2006) nd no impact of school choice on test scores but some benets
on behavioral outcomes, including self-reported criminal activity. Deming et al. (2009) nd
that high school lottery winners in CMS from low-performing neighborhood schools are more
likely to graduate from high school and attend college, again with little or no impact on test
scores. Taken together, the results here and in other studies suggest that looking only at
test score gains may miss important benets of interventions, particularly for disadvantaged
youth. Finally, this paper adds to the body of empirical evidence that links early education
to future criminality (Garces, Thomas and Currie 2002; Lochner and Moretti 2004; Beleld
et al. 2006; Weiner, Lutz and Ludwig 2009).
Although more research is needed to disentangle the relative contributions of neighborhoods and schools, this paper provides some evidence that schooling exerts a particularly
strong inuence on criminal behavior. The Moving to Opportunity (MTO) Demonstration
found mixed impacts on crime (Ludwig, Duncan and Hirscheld 2001; Kling, Ludwig and
Katz 2005). MTO changed both neighborhoods and schools, although the change in measured school quality was not particularly large (Sanbonmatsu et al. 2006). Similarly, Jacob
(2004) nds no independent impact on academic outcomes of moving out of high-density
public housing.

In contrast, the CMS open enrollment plan can be thought of as a pure

school mobility experiment. Lottery winners continue to live in the same neighborhoods as
lottery losers, and yet the reduction in crime persists even after schooling is largely complete.

5

The policy alternative to open enrollment in CMS was a traditional neighborhood schools
model. Considering only the direct eect on lottery winners, I estimate that the implementation of school choice led to a reduction of about $35 million in criminal victimization costs
and another $685,000 in incarceration, under relatively conservative assumptions. Furthermore, these gures do not consider the private benets to lottery winners.

However, any

welfare calculation must also account for the possible negative externality imposed by lottery
winners on their new peers. Estimates from the literature suggest such spillovers are likely to
be small in relation to the treatment eects, and ambiguous in sign depending on the nature
of peer eects (Angrist and Lang 2004; Hoxby and Weingarth 2006; Carrell and Hoekstra
2008; Imberman, Kugler and Sacerdote 2009).
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Furthermore, many high risk applicants to

non-guaranteed schools were automatically admitted. If the eects estimated here also hold
in this  degenerate lottery sample, the reduction in crime would be substantially larger.
Still, because of the large one-year change in student assignments in CMS, extrapolations of
the eects estimated here to other settings should be viewed with caution.

2 Data Description and Institutional Details
2.1 Data
With over 150,000 students enrolled in the 2008-2009 school year, Charlotte-Mecklenburg is
the 20th largest school district in the nation. The CMS attendance area encompasses all of
Mecklenburg County, including the entire city of Charlotte and several surrounding cities.
Since the mid 1990s, the North Carolina Department of Public Instruction (NCDPI) has
required all districts to submit a set of end-of-year (EOY) les that include demographic
information, attendance and behavioral outcomes, yearly test scores in math and reading

5 Carrell and Hoekstra (2008) estimate the negative externality caused by children from families that are
exposed to domestic violence and nd that adding one of these children to a class of 20 causes each other
child to commit 0.093 more infractions.

Importantly, they nd that the spillover eects on misbehavior

are larger for low-income peers, which implies that concentrations of troubled students will generate more
disruption. Since the net eect of open enrollment in CMS was to distribute high-risk children across more
schools than what would have happened in a pure neighborhood schools model, the total externality eect
on misbehavior (and possibly crime) could be positive even if lottery winners' peers were negatively aected.
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for grades 3 through 8, and subject-specic tests for higher grades. This reporting system
ensures that variables are consistently coded across years and that students are tracked
longitudinally from kindergarten through 12th grade. Internal CMS les obtained under a
data use agreement also include identifying information such as name and date of birth, and
students' exact addresses in every year, which I use to create detailed geographic identiers.
For more details on the nature and quality of the CMS administrative data, see the Data
Appendix.
I match CMS administrative data to arrest records from the Mecklenburg County Sheri
(MCS).
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I obtain these arrest records directly from the MCS website, which maintains an

online searchable database that covers arrests in the county for the previous three years,
counting from the day the website is accessed.
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The data include all arrests of adults (age

16 and over in North Carolina) that occurred in the county, even if they were handled
by another agency. The unit of observation is the arrest, but criminals are tracked across
incidents using a unique identier that is established with ngerprinting. Each observation
includes the exact nature of the charges, information about arrest processing (such as the
arresting agency, whether there was an outstanding warrant, and the bond amount), and
current address.

Critically, each observation includes the name and date of birth of the

criminal.
The match was done using full name and date of birth, and was exact in about 87 percent
of cases. I obtained the remaining matches using an algorithm that assigns potential matches
a score based on the number and nature of dierences.
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I conducted a number of checks

to assess the quality of the match. First, since each arrest is given a unique identication
number that is assigned consecutively in the order it was processed, I can calculate the

6 Since CMS is a  unied school district, the geographic coverage of the school administrative data and
the arrest records is identical.

7 The web address is http://arrestinquiryweb.co.mecklenburg.nc.us/. I obtained the data by writing a

script that loops over arrest numbers in consecutive order and copies the relevant information into a text
le. See the Data Appendix for details.

8 As a specication check I ran the partial match algorithm a number of dierent ways, and I also estimated

all the results in the paper using exact matches only. This made little dierence. See the Data Appendix
for details.
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fraction of arrest numbers that are missing from the data. Counting from the rst day that
the data were collected, this fraction is only 3.2 percent, and there are no large gaps. This
suggests that nearly every arrest processed by MCS is present in the data.
the age prole of arrests in Mecklenburg County by type of oense.
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Figure 1 plots

The Federal Bureau

of Investigation (FBI) collects data on eight dierent  index crimes for the Uniform Crime
Reporting (UCR) Program, which covers law enforcement agencies across the country. Index
property crimes are burglary, motor vehicle theft and felony larceny. Index violent crimes
include murder/manslaughter, rape, robbery and aggravated assault.
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The last category I

include is felony drug oenses, which (based on weight) range from  possession with intent
to distribute all the way up to  tracking. Index property and violent crimes peak at
ages 17 and 18 respectively, which is consistent with other cohort studies of crime and
delinquency (Wolfgang, Figlio and Sellin 1987; Farrington et al. 1986; Sampson and Laub
2003).

Interestingly, drug felony arrests do not peak until the early to mid twenties, and

decline much more slowly with age than other categories of crime.
In the top panel of Table 1, I examine arrest rates of CMS attendees overall and by
demographic group. I use six school cohorts of data, corresponding to students in grades 6
through 11 in 2002 and age 17 to 23 in 2009. The rst and second rows show the fraction
of CMS attendees who have a criminal record, and who have at least one felony arrest
respectively, by race and gender.

Not surprisingly, arrest rates vary dramatically, from

about 34 percent for African-American males to about 3 percent for White or Asian females.
Rows three through ve show arrest rates by type of crime.

African-American males are

about six times more likely than white males to have at least one felony arrest, and about
thirteen times more likely to be arrest for an index violent crime.
In the bottom panel of Table 1, I examine the percentage of arrests that are successfully
matched to a CMS student by birth year and demographic group. Unmatched arrests could
be students who were enrolled in private school, youth who travel to Mecklenburg County

9 Most of the missing arrests have been expunged, and there is a slight increase in the number of expunged
arrests in earlier years.

10 The eighth crime is arson. The incidence of arson is very low in these data, so I do not include it here.
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from elsewhere to commit crimes, or poor data quality. Match rates are highest for AfricanAmericans (who are more likely than whites to attend public school) and for more recent
birth years.
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Since the CMS data only go back to the 1996-1997 school year, any student

who left the district before that would not be matched. Since most criminals are high school
dropouts, this is likely to result in fewer matches for the earliest birth cohorts. However, the
weighted average match rate by birth year for the lottery sample exceeds 85 percent overall
and 90 percent for African-American males. This high match rate is strong evidence of the
quality of the data. It also highlights the important role that public school policies might
play in city crime rates.
Since the CMS open enrollment plan began in 2002, some older members of the sample
could have been arrested prior to 2006, when the arrest data begin. To address this issue, I
also obtained historical arrest records directly from MCS for members of the lottery sample
only.
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Finally, I add incarceration records from the MCS jail system and the North Carolina

Department of Corrections (NCDOC). These county jail and state prison records are consistently available beginning only in 2006, and they were collected only for African-American
male members of the lottery sample.
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The data include number of days incarcerated, but

probation and parole records are not included. See the Data Appendix for more details on
the collection and coding of the arrest and incarceration data.

2.2 Policy Context and Open Enrollment in CMS
From 1971 until 2001, CMS schools were forcibly desegregated under a court order. Students
were bused all around the district to preserve racial balance in schools. After several years
of legal challenges, the court order was overturned, and CMS was instructed that it could

11 Illegal aliens who are arrested by Immigration and Naturalization Services (INS) in North Carolina are
often processed in Charlotte before they are sent to Atlanta and deported. This, along with the transient
nature of the Charlotte's rising Latino population, accounts for the very low match rate among Latino
arrestees.

12 These data were recorded in almost exactly the same format as the more recent arrest records, although

I cannot check their quality as easily.

13 The data are limited to African-American males because I was unable to automate the collection process

as well as for the arrest data. See the Data Appendix for details.
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no longer decide student assignments on the basis of race. In December of 2001 the CMS
School Board voted on a policy of district-wide open enrollment for the 2002-2003 school
year. School boundaries were redrawn as contiguous neighborhood zones, and children who
lived in each zone received guaranteed access to their neighborhood school. The one-year
change in student assignments was dramatic  about 40 percent of students at the middle and
high school level were assigned to a dierent school than in the previous year. Because the
inner city of Charlotte is dense and highly segregated, African-American and poor students
were even more likely to be reassigned.
The open enrollment lottery took place in the spring of 2002. CMS conducted an extensive outreach campaign to ensure that choice was broad-based, and 95 percent of parents
submitted at least one choice (Hastings, Kane and Staiger 2008). Parents could submit up to
three choices (not including their neighborhood school). Students were guaranteed access to
their neighborhood school, and admission for all other students was subject to grade-specic
capacity limits that were set by the district beforehand but were unknown to families at
the time of the lottery (Hastings, Kane and Staiger 2008). When demand for slots among
non-guaranteed applicants exceeded supply, admission was allocated by random lotteries
according to the following strictly ordered priority groups:

1. Students that attended the school in the previous year and their siblings.

2. Free or reduced price lunch eligible (i.e.

low income,  FRPL ) students applying to

schools where less than half of the previous year's school population was FRPL.

3. Students applying to a school within their own  choice zone .

14

Applicants were sorted by priority group according to these rules and then assigned a random
lottery number. Slots at each school were rst lled by students with guaranteed access, and
then remaining slots were oered to students within each priority group in order of their

14 CMS divided schools into 4  choice zones and guaranteed transportation for students who applied to a
school within their zone. This included magnet schools. The zones were constructed so that there was an
even mix of mostly white  suburban and mostly black  inner city schools in each zone. In practice, this
priority group was rarely used since very few students applied outside their choice zone.
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lottery numbers. CMS administered all of the lotteries centrally and applied an algorithm
known as a  rst choice maximizer (Abdulkadiroglu and Somnez 2003). While this type of
mechanism is not strategy-proof, Hastings, Kane and Staiger (2008) nd little evidence of
strategic choice by parents.
I begin with the full sample of middle and high school applicants. Since nearly all rising
12th graders received their rst choice, I restrict the analysis sample to grades 6 through 11.
Next I exclude the ve percent of students who were not enrolled in any CMS school in the
previous year. These students were much less likely to be enrolled in CMS in the following
fall.

Since previous enrollment was xed at the time of the lottery, this restriction does

not bias the results. The analysis sample consists of 21,132 high school students and 22,896
middle school students. About sixty percent of these students chose (and were automatically
admitted to) their neighborhood school rst.

Of the remaining sample, about 75 percent

were in lottery priority groups where the probability of admission was either zero or one.
Even though these students chose a non-guaranteed school, there is no random variation in
admission to exploit.

The nal lottery sample consists of 1,891 high school students and

2,320 middle school students.
Under busing schools were racially balanced, but the surrounding neighborhoods remained highly segregated. Thus the redrawing of school boundaries led to concentrations of
minority students in some schools. Students who were assigned to these schools attempted
to get out of them. Figure 2 displays the strong correlation between the racial composition
of a school's neighborhood zone and the percent of students assigned to it who choose not
to attend. Table 2 presents the average characteristics of lottery applicants compared to all
CMS students. Column 1 shows control means and Column 2 shows coecients from regressions of observable characteristics of students on an indicator for whether the student listed
a non-guaranteed school as their rst choice. Unlike many other instances of school choice,
applicants to non-guaranteed schools are more disadvantaged than students who choose their
neighborhood school.

They are nearly twice as likely to be nonwhite and free or reduced

price lunch eligible. Applicants to non-guaranteed schools also score about 0.4 standard de-
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viations lower on both math and reading exams, and have been suspended and absent more
days in the previous school year. Column 3 includes neighborhood school xed eects, to
assess the nature of within-school selection. Column 4 presents control means and Column 5
presents estimates where the sample is restricted to neighborhood schools where 60 percent
or more of the assigned students are African-American or Latino.
Although applicants to non-guaranteed schools are more disadvantaged across schools,
they are relatively similar on observables within the schools from which most of the lottery sample comes. Column 5 shows that, even with predominately minority schools, nonguaranteed applicants have test scores that are very similar to students who chose the neighborhood school. Furthermore, even within these high minority schools, applicants to nonguaranteed schools are absent and suspended more often. Column 6 looks only at students
who were in non-degenerate lotteries (where the probability of admission was neither zero
nor one). We see that applicants in the lottery sample have slightly higher test scores (about
0.1 standard deviations). However, this is largely because of the  priority boost given to
economically disadvantaged applicants, many of whom were automatically admitted and
thus not subject to randomization.

15

Overall, the lottery sample is more disadvantaged than

the average CMS student, but quite representative on observables of the students who attend
high minority schools. Still, since lottery applicants had dierent preferences than their peers
who chose to stay in the neighborhood school, they may dier on unobserved dimensions.

3 Empirical Strategy
If lottery numbers are randomly assigned, the winners and losers of each lottery will on
average have identical observed and unobserved characteristics. Thus with sucient sample
size, a simple comparison of mean outcomes between winners and losers would identify the
causal eect of winning each individual lottery. However, the sample here is not large enough

15 Because of the separate priority group assigned to FRPL students who apply to non-FRPL schools,
most schools either had lotteries for them and denied everyone else, or automatically admitted them and
had lotteries for non-FRPL students.
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to estimate the eect of winning each individual lottery. Instead, following Cullen, Jacob
and Levitt (2006), I estimate ordinary least squares regressions of the form:

Yij = δ · W inLotteryij + βXij + Γj + εij
Yij

is the outcome variable of interest for student i in lottery j.

(1)

W inLotteryij

indicator variable equal to 1 if student i had a winning random number in lottery j.
vector of covariates included only for balance,
priority group) xed eects, and

εij

Γj

is an

Xij

is a

is a set of lottery (i.e. choice by grade by

is a stochastic error term. I consider only rst choices

here, so the number of observations is equal to the number of students in the lottery sample.
In principle I could estimate a nested model that incorporates multiple choices. However, in
practice nearly every student who did not receive their rst choice was either automatically
admitted to their second choice (if it was not oversubscribed) or automatically denied since
all the slots were already lled.
Lottery xed eects are necessary to ensure that the probability of admission to a rstchoice school is uncorrelated with omitted variables in the error term. If, for example, savvy
parents had some prior knowledge about the chance of admission, they might (all else equal)
apply to schools where the probability of acceptance was higher. Thus comparing winners
and losers across dierent lotteries might lead to a biased estimate. In the specication in
equation (1), the

δ

coecient gives the weighted average dierence in outcomes between

winners and losers across all lotteries, with weights equal to the number of students in the
lottery times
2006). Thus

p · (1 − p)
δ

where

p

is the probability of admission (Cullen, Jacob and Levitt,

represents the intention-to-treat (ITT) eect of winning admission to a rst-

choice school for students in priority groups with non-degenerate lotteries. I cannot estimate
the eect of attending a school for students with guaranteed access.
If the lotteries were conducted correctly, there should be no dierence between winners
and losers on any characteristic that is xed at the time of application. I test this directly
by estimating equation (1) with pre-treatment covariates such as race, gender and prior
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test scores as outcomes. The results are in the Appendix. For both the middle and high
school samples, the dierences between winners and losers are small and no more likely to be
statistically signicant than what is expected by chance. This is strong evidence that initial
assignment was random. Even with proper randomization, however, the estimates could still
be biased by selective attrition if leaving CMS or Mecklenburg County is correlated with
winning the lottery. More than 95 percent of lottery applicants in the spring of 2002 were
enrolled in a CMS school the following fall, and there was no dierence by lottery status. Still,
since high school dropout rates are extremely high for crime-prone youth, selective attrition
is a serious concern for outcomes that come from the CMS administrative data. Students
who drop out of school and are subsequently arrested in Mecklenburg County, however, are
included in the data. Thus the main issue is selective migration. If lottery losers are more
likely to leave Charlotte, they may commit crimes in other jurisdictions. This would bias
estimates downward. On the other hand, lottery winners may perform better in school and
be more likely to leave the county to go to college, for example. This would bias the estimates
upward.
Still there are a few reasons to think that selective migration is not much of a concern
here. First, the population of crime-prone youth is not very mobile. Attrition in grades K
through 8 (where dropout is less of an issue) is negatively correlated with other predictors
of crime and is much lower than average among future criminals.

16

Second, CMS assigns a

withdrawal code to students who leave the district, and lottery status is uncorrelated with
the code for out-of-county transfers. Additionally, the NCDOC state prison data includes
information on county of arrest. Less than one percent of the sample spent time in state
prison for oenses committed outside of Mecklenburg County, and there is no dierence
between lottery winners and losers.

16 Ninety-one percent of future felons who were enrolled in CMS in 4th grade were still enrolled four years
later (what would have been their 8th grade year). The overall average is eighty percent.
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3.1 Predictors of Crime and Heterogeneous Treatment Eects
Many members of the lottery sample are probably not at high risk for criminal oending.
Likewise, it is has been shown that a small percentage of high-rate oenders are responsible
for a large share of crimes (Wolfgang, Figlio and Sellin 1987; Freeman 1999).

To test for

heterogeneous treatment eects, I exploit the unusually long and rich panel of administrative
data from CMS. Students with adult arrest records can be tracked all the way back to
kindergarten in some cases, with yearly information on test scores and behavior and detailed
neighborhood measures. I combine all of the individual correlates of criminal behavior into
a single index and plot the treatment as a function of this ex ante crime risk. I estimate
the probability that a student will have at least one arrest as a function of demographic
variables, yearly math and reading test scores, absences, out of school suspensions, and
special education classications. For the high school sample I use data from grades 6 through
8, and grades 3 through 5 for the middle school sample.
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I allow for second order polynomials

in all of the continuous measures. Finally, I include neighborhood school zone by census tract
xed eects, using each student's exact address in the year prior to open enrollment. See
the Appendix for more details on the estimation and for regression coecients from this
prediction.
These prior measures are strong predictors of future criminality.
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Figure 3 plots the

density of predicted criminality for all CMS students in grades 6 to 11, then for AfricanAmerican males overall and from the seven lowest-performing schools (dened by average
test scores) in the district. The distribution shifts rightward noticeably for these  high risk
subgroups. To test for the possibility of heterogeneous treatment eects, I rank male youth
according to their arrest risk and split the sample into ve equally sized quintiles. I then
estimate specications like equation (1) with a full set of interactions between lottery status

17 In North Carolina, standardized End-of-Grade (EOG) tests in math and reading are administered for
grades 3-8 only. While additional years of data would improve the precision of the estimates, it would also
increase the percentage of respondents with missing data.

18 The pseudo R-squared from the regression is about 0.23, compared to 0.24 when high school graduation

is the dependent variable. Joint tests for the signicance of each type of coecient yield chi-squared values
of 147 for test scores, 471 for behavior, and 249 for neighborhood xed eects.
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and indicator variables for each quintile:

Yij = δ · [(1 + W inLotteryij ) ·

5
X

c
I(q < Pr(arrest
| Xij ) < q)] + βXij + Γj + εij

(2)

q=1

The main eects by risk quintile (i.e.
between the lower bound

q

whether their predicted probability of arrest is

and the upper bound

q

for each quintile

q)

and the interactions

between each quintile and the win lottery indicator variable allow me to test the hypotheses
that lottery winners and losers are equal overall and within each quintile, and that the arrest
risk quintile main eects are statistically dierent. I rst estimate equation (2) for the main
crime outcomes and plot the treatment eects and associated condence intervals against
each risk quintile. I then estimate simpler models where the rst through fourth quintiles are
pooled but the lottery is allowed to have a dierent eect on the top quintile  high risk youth.

c
In Tables 3 through 8, I include only the predicted probability of arrest [ Pr(arrest
the

Xij

| Xij )]

in

vector, in lieu of individual controls such as race, prior test scores and neighborhood

xed eects.
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Results with additional covariates are nearly identical.

3.2 The Eect of Winning the Lottery on Measures of Enrollment
and School Quality
Table 3 presents the eect of winning the lottery on enrollment and school characteristics
for male applicants. Columns 1 through 4 present results for high school lottery applicants;
columns 5 through 8 show the same for middle school applicants. The coecients come from
a regression like equation (2), but with the lowest four risk quintiles pooled together and
a separate estimate for the top risk quintile.
means for the estimates in each row.

The odd numbered columns present control

Below each estimate, and in subsequent tables, I

report standard errors that are clustered at the individual lottery (i.e. choice by grade by

19 Controlling for the predicted arrest probability serves to balance the control and treatment groups at
minimal degrees of freedom cost (Angrist and Hahn 2004).
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priority group) level. The rst row shows the eect of winning the lottery on attendance
at a student's rst choice school on the 20th day of the 2002 school year. The rst stage is
strong - lottery winners in all groups are over 55 percentage points more likely than losers
to attend their rst choice school.

The coecient is less than one mainly because some

lottery losers successfully enroll in their rst choice anyway. Some students moved into the
school's neighborhood zone in the summer of 2002, after losing the lottery. Some lotteries
were for special programs within schools, so a student might have been denied admission to
the special program but accepted to the regular school.

Finally, some students may have

been admitted at the beginning of the school year when lottery winners did not enroll. As
we can see from the control means, enrollment among lottery losers is more common in the
lower risk quintiles.
The second row shows the eect of winning the lottery on total years enrolled in the rst
choice school. The treatment consisted of 1 to 1.5 additional years of enrollment on average,
although notably from a much lower baseline for the top risk quintile. This suggests that
the treatment  dose was proportionally much larger for high risk youth.

The third row

shows the eect of winning the lottery on attendance at the student's neighborhood school,
which is highly negative for all groups. Rows four through six show the eect of winning the
lottery on the racial and family income composition of the school and on distance to assigned
school. High school lottery winners attend schools that are demographically very similar to
the schools attended by lottery losers, while middle school winners attend schools that are
less African-American and higher income on average. All lottery winners travel farther to
attend their rst choice school, but the distance is greater for high school students.
The remaining rows of Table 3 show the eect of winning the lottery on various measures of school quality. I normalize each of these measures to have mean zero and standard
deviation one (separately for the middle and high school samples), to make them comparable to each other. Overall, lottery winners attend schools that are better on nearly every
dimension. In general, the gain in quality for high risk youth is modestly larger than for the
overall sample and starts from a much lower baseline, as indicated by the control means in
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each odd-numbered column. The rst measure is average peer test scores in the year prior to
the lottery. It is calculated as the average of the prior school year's standardized math and
reading scores for students in the same grade, with sample members excluded from the calculation. The second measure is calculated the same way, but is the standardized average of
absences and out-of-school suspensions for the student's peers in the year prior to the lottery
(I reverse the sign so that a positive coecient means fewer absences and suspensions). For
high risk youth in both samples, the gains in average peer behavioral outcomes are larger
than gains in peer test scores.
The third measure of school quality is a standardized composite of two teacher characteristics that have been shown to aect student performance - the percentage of novice (less
than three years experience) teachers in a school, and a coarse measure of teacher ability
based on the competitiveness of the undergraduate college they attended.
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Lottery winners

attend schools that rate signicantly higher on these measures of teacher quality. The gains
are particularly large (over 0.4 standard deviations) for the highest risk youth.
The fourth measure of school quality is an indicator of revealed preference for each school,
based on the choices made by all the students in CMS in the year of the open enrollment
plan. I estimate a conditional logistic regression that predicts the probability that students
will choose each school (separately for the middle and high school samples), controlling for
a polynomial in distance from each student's address to each school, plus home school xed
eects.

The school-level residual from this regression is interpretable as an indicator of

revealed preference.
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Including distance and home school xed eects controls for the fact

that some schools might be more highly demanded because they are located in denser parts
of the district. Since lottery schools are oversubscribed by denition, it is not surprising that

20 I calculate the percentage of teachers in each school that attended a college considered at least  very
competitive by Barron's Prole of American Colleges, 2009. About 30 percent of teachers in CMS met this
standard. Other measures were available, such as the percentage of teachers with advanced degrees, but I
did not include them since most evidence suggests they do not aect student performance (e.g.

Gordon,

Kane and Staiger 2006).

21 See Long (2004) for a more detailed explanation of the conditional logit setup for college choice, and

Hastings, Kane and Staiger (2008) for a richer specication of preferences in this setting that uses all 3
choices and allows for substitution patterns, in a mixed logit framework.
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winners are enrolled in more highly demanded schools. The eect is about twice as large for
high school winners, and again is slightly larger for high risk youth in both groups. Finally,
we can see that lottery winners are more likely to be enrolled in magnet schools, particularly
at the high school level. Magnet school enrollment comprises a larger share of the treatment
in the high school sample, mostly due to the opening of a new magnet high school (Philip
Berry Academy of Technology, a  career academy that focuses on vocational and technical
education) in the 2002-2003 school year.
In sum, lottery winners attend schools that are signicantly better on several observable
dimensions of quality. If school quality were normally distributed through CMS, then winning
the lottery leads to average quality gains of around 0.3 standard deviations, with larger eects
for high risk youth. Based on the control means in Table 3, lottery losers from the rst four
risk quintiles attend schools that are slightly worse than the district average, and winners
attend schools that are slightly better. Measured quality gains are larger for high risk youth,
and winning the lottery gets them into schools that are closer to the district average.
For the main results in the paper, I report ITT estimates of the eect of winning the
lottery. Since few school choice plans can prevent children from enrolling if they move into
the neighborhood, or force lottery winners to attend their chosen school, the ITT estimate is
best thought of as a policy eect. Later I present results using the lottery as an instrumental
variable for several of the  rst stage outcomes in Table 3. Because a non-trivial fraction
of lottery losers still manage to enroll, these estimates are not generalizable to all lottery
applicants.

Instead, they are local average treatment eects (LATEs) for students who

comply with their lottery status (Angrist, Imbens and Rubin 1996).
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4 Results
4.1 Crime
Not all crimes are equal. Serious violent crimes such as murder, rape and armed robbery
exact a heavy burden on their victims, so an estimate of the average eect of winning the
lottery on crime should weigh these crimes more heavily. I measure crime severity in two
ways. First, I use estimates of the victimization cost of crimes produced by Miller, Cohen
and Wiersema (1996). These estimates, which were also used in an analysis of the of the
Moving to Opportunity Demonstration by Kling, Ludwig and Katz (2005), consider tangible
costs such as lost productivity and medical care, as well as intangible costs such as impact
on quality of life, and are extremely high for fatal crimes.
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To avoid the estimates being

driven entirely by a few murders, I also report results with the cost of murder trimmed to
twice the cost of rape, following Kling, Ludwig and Katz (2005).

The second measure of

severity weighs crimes by the expected punishment resulting from a successful conviction. In
1994 the state of North Carolina enacted the Structured Sentencing Act. Under structured
sentencing, felony convictions are grouped into classes based on severity. This information
is combined with the oender's prior record and other circumstances to determine a range
of possible sentence lengths available to the judge. I group felony charges according to their
class and assign the midpoint of the range of sentences for each of them. While both measures
place a very high weight on murder, for example, the sentence weighted measure is better
able to capture criminal intent.
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I also examine the eect of winning the lottery on total

days incarcerated in the county jail and state prison systems. These data are only available

22 The estimated social cost of murder is $4.3 million in 2009 dollars. The next costliest crime is rape, at
about $125,000. Miller, Cohen and Wiersema (1996) do not include social cost estimates for drug crimes.
Following Kling, Ludwig and Katz (2005), I assign costs to drug crimes according to felonies of equivalent
standing. If instead I set the cost of drug crimes to zero, the estimates fall by about 25% in the high school
sample but are unaected for middle schools. This comes mostly from a large dierence in the incidence of
drug tracking charges across treatment and control high school students (there were 16 drug tracking
charges in this sample, of which 14 occurred in the control group).

23 For example, the dierence between manslaughter and aggravated assault often comes down to luck (i.e.

whether the bullet hit a critical organ or just missed it).

The social cost measure would treat these two

outcomes very dierently, whereas the expected sentence length for these two crimes is very similar.
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for African-American male members of the sample, from 2006 to the present. Since most
high school sample members were already age 20 or above by 2006, I am missing prison time
served during the peak criminal oending ages of 18 to 19. Incarceration data is likely to be
much more complete for the middle school sample, however.
The main results of the paper are in Figures 4 and 5 and in Table 4. I rst estimate equation (2) for selected crime outcomes and plot the point estimates and 90 percent condence
intervals by arrest risk quintile in Figures 4 and 5, for the middle and high school samples
respectively. Each graph plots the coecients from a model like equation (2), with a full
set of lottery status by risk quintile interactions. The p-values from F-tests for equality of
eects overall (and for each quintile, when statistically signicant) and equality of quintiles
(in levels) are displayed on each graph. In Figure 4, we see that winning the lottery leads
to fewer felony arrests overall (p=.078), and the eect is concentrated among the highest
risk youth (0.76 felony arrests for lottery losers, 0.41 for winners, p=.013).

Similarly, the

trimmed social cost of crime is lower overall for lottery winners (p=.040), but the eect
is concentrated among the top risk quintile youth ($11,000 for losers, $6,389 for winners,
p=.036).

In Figure 5, we see that the concentration of eects in the top risk quintile is

even more pronounced for the middle school sample. The social cost of arrested crimes is
$12,500 for middle school lottery losers and $4,643 for winners (p=.020), and the eect for
days incarcerated is similarly large and concentrated among high risk youth (55.5 days for
losers, 17.2 for winners, p=.003). For each of the eight outcomes in Figures 4 and 5, the level
of crime committed by the top risk quintile is over twice that of the fourth quintile, and we
can reject equality of quintiles at the 10 percent level for all eight outcomes.
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Table 4 shows regression results from a modied version of equation (2) where the rst
four risk quintiles are pooled, but the eect is allowed to vary for the top risk quintile.
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In

the rst four columns I report estimates with the high and middle school samples pooled,

24 Although I do not report the test statistics, equality of the 4th and 5th risk quintiles among lottery
losers is rejected for all 8 outcomes in Figures 4 and 5.

25 The models are estimated with the rst through fourth risk quintile youth included, but I do not include

the coecients in the table.
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with separate coecients (from the same regression) for quintiles 1-4 and quintile 5. I rst
report results for the main outcomes of interest  number of felony arrests, social cost of
arrested crimes, sentence-weighted crimes, and days incarcerated.

In the last four rows I

show results by type of felony charge. The odd numbered columns contain control means for
each outcome, and the even-numbered columns show coecients and standard errors, below
in brackets.
Overall, winning the lottery led to an estimated reduction in the social cost of arrested
crimes of over $30,000 for the top risk quintile, and over $11,000 for risk quintiles 1-4. Since
more murders were committed by the control group than the treatment group (5 versus 1
in the combined high and middle school samples), the estimates are large and negative but
relatively imprecise. When the cost of murder is trimmed, the eect becomes smaller but
more precise. Winning the lottery led to a negative but insignicant drop of about $500 per
male applicant in the rst through fourth risk quintiles, but a decrease of over $6,000 per
male applicant in the highest risk quintile. The eect for high risk males is large (over half
of the control mean) and statistically signicant at the one percent level. The results are of
similar size and signicance for the alternative measure of crime severity. High risk lottery
winners commit crimes with a total expected sentence of about 26 months, relative to about
52 months for lottery losers. Finally, high risk lottery winners spend about 40 days in prison,
compared to 70 days for lottery losers. Both the sentence-weighted and days incarcerated
measures are statistically signicant at the ve percent level.
Columns 5-6 and 7-8 show the top quintile results only, for the high and middle school
samples respectively. Although the results for the main outcomes are similar, the pattern
of eects by felony charges is dierent in each sample.
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High school lottery winners are

arrested for fewer of every type of charge, but the eect is largest for drug felonies (about
two-thirds of the control mean). There is no overall eect on felony arrests or charges for
high risk middle school lottery winners, but they commit many fewer index violent crimes

26 If someone is arrested once on seven counts of burglary, for example, this is seven charges but one arrest.
Often there will be an outstanding warrant for an arrestee and they are processed at the same time on
charges stemming from multiple incidents.

22

(0.075 compared to 0.451 for losers).

Since these crimes have the highest social cost and

are punished most severely, the eects for social cost, sentence-weighted crimes, and days
incarcerated are larger and more precisely estimated for the middle school sample.
Winning the middle school lottery leads to substitution from more to less serious crimes,
while winning the high school lottery leads to fewer (primarily drug) arrests overall.
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Even

though the eects are driven by high risk youth in both middle and high schools, the middle
school sample appears more crime prone overall.

The average number of felony arrests is

about 0.7 in the top risk quintile for both samples, yet high school students have had many
more years to accumulate arrests (and the average social cost of crimes is actually higher for
the middle school sample). This is consistent with a developmental view of criminality, where
delaying the onset of criminal oending among adolescents alters their future trajectory and
prevents very serious crimes in the peak oending years (Mott 1993; Nagin and Tremblay
1999).

4.2 Dynamics of Criminal Behavior
I nd strong evidence that winning the lottery to attend a rst choice middle or high school
reduces young adult criminal activity. The eects are concentrated almost entirely among
high risk youth. One possible explanation for the results is that attendance at a rst choice
school entails longer bus rides to and from school, incapacitating youth during the high
crime hours after school. More generally, winning the lottery could prevent crime by removing high risk youth from  criminogenic peers or neighborhoods (e.g. Sampson, Moreno and
Gannon-Rowley 2002; Kling, Ludwig and Katz 2005). Prominent models of criminal contagion treat individual crime as a function of contemporaneous exposure to crime-prone peers
(Sah 1991; Glaeser, Sacerdote and Scheinkman 1996; Ludwig and Kling 2007). Depending
on the student's grade, the treatment consists of between one and four years of guaranteed
enrollment in their rst choice public school. Yet the arrest data continue for seven years

27 This is supported by estimates where the dependent variable is dichotomous. High school lottery winners
are less likely to ever be arrested but that is not true for middle school lottery winners.
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after randomization, several years after enrollment in the rst choice school would have been
complete. Therefore, both incapacitation and contagion models would predict a strong initial
eect that fades over time. If, for example, drug market activity is concentrated within in
a few schools, we might expect large dierences in criminality in the high school years that
diminish as enrollment in the treatment school ends and lottery winners and losers return
to the same neighborhoods.
On the other hand, attending a better school might generate decreases in crime that
persist long after enrollment is complete. In a human capital framework, increased school
quality would raise the marginal productivity of investment in schooling.

Youth who are

given the opportunity to attend a better school would stay enrolled longer and acquire more
skills, which would translate into a higher expected wage in the labor market. Higher wages
raise the opportunity cost of crime and incarceration, lowering the optimal amount of crime
committed (Lochner 2004).

To the extent that skills acquired in school have a persistent

eect on wages, reductions in crime would also be persistent. Alternatively, peer networks
formed in middle or high school could have a persistent inuence on adult criminality without
aecting wages or employment directly. Although there is much evidence that social network
formation is particularly important in the teenage years (e.g.

Evans, Oates and Schwab

1992; Haynie 2001; Sacerdote 2001), there is little available evidence on the persistence into
adulthood of criminal ties formed in adolescence. Finally, attending a better school might
decrease the probability of arrest conditional on crime.
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A key limitation of this analysis is that I do not observe juvenile crime. This lack of early
data could mask big dierences in juvenile oending in the early years of the treatment. As
an alternative, Table 5 shows the eect of winning the lottery on school disciplinary outcomes
such as absences and suspensions, as well as test scores and course-taking. Because nearly
all of the impacts on crime come from the highest risk youth, I report results for the highest

28 Although I cannot provide any direct evidence on this, Lochner and Moretti (2004) nd that the relationship between schooling and incarceration in the Census is similar to the relationship between schooling
and self-reported crime, at least for white males. This suggests that higher levels of schooling do not greatly
alter the probability of arrest conditional on crime.
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risk quintile only, although the model is estimated with all male members of the sample.
The rst two rows show results for unexcused absences in the rst two school years after the
treatment, and the next two rows show the same thing but for out-of-school suspensions.
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Overall, lottery winners in both samples spend slightly more days in school. All four point
estimates (2 samples, 2 years) for absences are negative, although only the 2003 middle
school results are statistically signicant. The eect for high school suspensions in 2003 is
relatively large (a reduction of 3.7 from a baseline of 9.5 in the control group), but the other
eects are small and not distinguishable from zero.
One diculty with interpreting eects on absences and suspensions is that schools may
dier in their discipline policies. If, for example, a higher-quality school maintains order by
strictly enforcing rules, lottery winners might be more likely than losers to get suspended
for equivalent behavior.

This is particularly likely to be an issue in middle school, where

suspensions are more common and more likely to be issued to otherwise well-behaved children
as a deterrent to future bad behavior (Kinsler 2009). More directly, schools that succeed in
keeping crime-prone youth in school longer may invest more resources in monitoring their
behavior, whereas  bad schools might simply allow them to drop out. I provide some limited
evidence on this point by drawing from a detailed disciplinary incident le maintained by
CMS beginning in the 2006 school year. The le contains information on the date and nature
of each disciplinary infraction, as well as the resulting punishment.

Because the data are

only available beginning in 2006, I cannot look at incidents for the high school sample at
all or for any of the treatment years in the middle school sample. I nd that, conditional
on still being enrolled in a CMS school, high risk middle school lottery winners are about
14 percentage points less likely to be involved in an incident where the punishment was
long-term suspension, expulsion, or police involvement.
In contrast to the results for crime and disciplinary outcomes, I nd no evidence of
impacts on test scores.

For the middle school sample, the test score measures are results

29 Absence due to school suspension is considered an  excused absence, so there is no overlap between the
two categories.
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from standardized math and reading exams administered yearly for grades 3-8. High schools
administer a set of end-of-course (EOC) exams in subjects such as Algebra I, Geometry,
Biology and English. However, they are not taken by all students or even in the same grade
in many cases, and so selection into test-taking may compromise interpretation of the results.
The one exception is English I, which is taken in 9th grade by almost all students, so I include
it as the only high school test score measure. The results are never distinguishable from zero
and imprecisely estimated. Still, I can rule out even modest test score gains (greater than 0.1
standard deviations) from winning the lottery. Finally, I examine impacts on two measures
of course-taking - whether a student was enrolled in remedial math (dened as less than
Algebra I by 9th grade, which is the latest year a student can take the exam and graduate
on time), and total math credits accumulated on EOC exams in 9th and 10th grade.
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High

risk lottery winners in high school are much less likely to be enrolled in remedial math (19
percentage points from a control group baseline of 37 percent). However, there is no decrease
in remedial math among lottery winners in the middle school sample.
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The impact on math

credits is positive but imprecise in both samples.
The school quality-earnings hypothesis outlined earlier predicts that high risk youth will
stay enrolled in school longer and accumulate more human capital. Table 6 tests this prediction by examining the eect of winning the lottery on enrollment, grade progression, and
grade attainment for high risk youth. The school enrollment measures classify respondents
as enrolled if they are present in CMS in the year that they would have been in each grade if

they progressed  on time. For example, rising 6th grade lottery applicants would be enrolled
in 9th grade in the 2005-2006 school year, so if they are still enrolled in CMS at the end of
2006 they are counted, even if they are not in grade 9.
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In the rst four rows of Table 6, we

see that high risk middle school lottery winners are signicantly more likely to be enrolled in

30 I examine math courses because they have been shown to aect subsequent earnings (Goodman 2009).
31 During this time, CMS was toughening its high school course requirements, which may explain the
control group baseline dierence between the high school and middle school sample (37 percent in remedial
courses for high school versus 21 percent for middle school).

32 For each measure, I exclude members of the lottery sample who had already reached a particular grade

at the time of application.
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CMS in their 10th grade year. The dierence is large - 59 percent of lottery losers compared
to 77 percent of winners are still enrolled in the 10th grade year. The eect on 11th grade
enrollment is about half the size (9 percentage points) but imprecisely estimated, and there
is no impact on persistence into the 12th grade year. Is this dierence in enrollment large
enough to explain the impacts on crime? To test this, I estimate a regression of the trimmed
social cost measure on similarly constructed grade enrollment dummies, a set of covariates
and neighborhood xed eects using high risk youth from the full (not only lottery) sample.
Then I multiply the estimated social cost of crime for each level of grade enrollment by the
estimates in Table 6.

If the cross-sectional relationship holds in the lottery sample, this

rough calculation suggests that increased enrollment alone can explain about one-third of
the total impact on crime for high risk middle school youth. Perhaps because 10th grade is
around the time youth turn 16 and are legally permitted to leave school, enrollment beyond
the grade 10 year is associated with a relatively large decline in crime. In contrast to the
results for middle school, I nd no impact on enrollment for high risk high school youth.
Next I measure grade progression by counting students as  on track if they have advanced
at least one grade for every year since the lottery and are not enrolled in an alternative
school for students with behavior problems. The pattern here is exactly the opposite as the
results for enrollment. High school lottery winners are more likely to be  on track for 9th,
10th and 11th grade. The estimates are of similar size in absolute terms (between 12 and
14 percentage points) but grow in relative terms, as lottery losers increasingly fall behind
or enroll in alternative schools. The eect fades to insignicance by 12th grade, however.
In contrast, there is no eect on  on track enrollment for high risk middle school lottery
winners.
Finally, I classify students' end outcomes into one of ve mutually exclusive and collectively exhaustive categories  graduated from CMS, still enrolled in 2009, veried dropout,
transfer and no show. Students who stop showing up for school are counted in one of the last
three categories, but there is considerable uncertainty across those categories. First, students
are coded as dropouts only at age 16 and above. Second, transfers (even out-of-state) show
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up subsequently in the Mecklenburg county arrest data. These classications are particularly
problematic for high risk youth, who graduate at very low rates and sometimes disappear
from CMS well before the legal age of school leaving.

Overall, there is no eect on high

school graduation. The base rates of dropout, transfer and no show status show the degree
of disadvantage in this high risk population. The graduation rate in the high school sample
is only about 25 percent. It is currently only about 10 percent in the middle school sample,
although some students who are still enrolled may subsequently graduate. To illustrate the
unreliability of coding in the last three categories, I display in Column 5 the average social
cost of crimes for members of the sample who are put in each category. Strikingly, despite the
fact that some of the transfers are probably  real , they are still arrested for over $11,000 of
crimes in Mecklenburg County. Additionally, a bit less than 10 percent of the middle school
sample never appears in any high school grade but subsequently appears in the arrest data.
Because any intervention aimed at high school students would miss them altogether, this
suggests that high school might be too late for the highest risk youth.
Overall, I nd some impact on enrollment and grade progression outcomes that fades by
the end of high school.

I also nd modest reductions in absences and suspensions, and a

relatively large decrease in serious disciplinary incidents. However, high risk lottery winners
in both samples are no more likely to graduate from a CMS high school, and there is no
measurable impact on test scores.

Compared to the large reductions in crime estimated

earlier, impacts on other outcomes are modest, and they do not generally persist beyond
11th grade. Although I do not report the results here, there is more evidence of attainment
and graduation impacts for the lower risk quintiles in the sample. This is consistent with
Deming et al. (2009), who examine the eect of winning the high school lottery on college
attendance, but also nd impacts on high school graduation for males from low-performing
neighborhood schools.
To examine the impact of winning the lottery on crime over time, I separate the data into
three periods. Table 7 presents results for three of the main outcomes in Table 4, separated
into the years when applicants are ages 16-17 (roughly 10th-11th grade), 18-19 (12th grade
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to 1 year after high school), and 20 and older (post-high school). Because lottery applicants
began the 2002-2003 school year in dierent grades, not all entering grades appear in each
category at all, or for the same amount of time. For this reason I scale the estimates and
control means so that the treatment eects for each period are per-two-years, and comparable
in size to each other. Standard errors are in brackets below the estimates, followed by control
means for each period in curled brackets.
For both high school and middle school applicants, the eects of winning the lottery are
driven almost entirely by reductions in crime at age 18 and beyond.

High school lottery

winners are arrested for about 0.5 fewer felony charges at age 18-19 and 0.33 fewer charges
at age 20 and above, but are actually more likely to be arrested at age 16-17. The patterns
and eect sizes are similar for the social cost outcome.

In the middle school sample, the

reduction in social cost of arrested crimes is negative in every period for high risk youth, but
largest in the age 20+ category. Similarly, the eect on days incarcerated grows with time
and is very large (nearly 35 fewer days incarcerated) in the age 20+ category.

This may

help to explain the positive (though insignicant) increase in crime in period 3  the most
serious oenders, who come disproportionately from the control group, are incarcerated.
Despite this, the eect on social cost is largest in period 3, because this is when most of the
murders happened. The patterns are similar for the other crime outcomes in Table 4. Data
on incarceration are unfortunately unavailable for earlier periods in the high school sample.
While the estimates are too imprecise to make strong statements, the pattern of results is
most consistent with a school quality explanation and less consistent with incapacitation or
criminal contagion. Although I do not report the results here, I nd no signicant dierence
in high school characteristics for middle school lottery winners, nor do I nd any dierence
in neighborhood relocation between control and treatment groups (and very few youth in
either group move to another home in the years they are enrolled in CMS). Thus, once the
treatment is complete, lottery winners and losers attend similar schools. After high school
ends, they live in similar neighborhoods and compete in the same labor markets. Yet large
dierences in crime and incarceration persist into early adulthood.
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The eect of winning

the lottery is largest at ages when most youth are mixing schooling, crime and work in some
combination (Grogger 1998).

If attending a better school increased the wages of lottery

winners or their ability to nd work, this might lead to a decrease in crime that persists
after the treatment is complete. Still, I do not directly observe employment or wages, and
there are other explanations that are consistent with this pattern of results. Any explanation
where crime or misbehavior committed early in life exerts a particularly strong inuence on
later criminality (either by raising the cost of legitimate activities, or through the formation
of long-lasting peer groups) would also lead to the patterns we observe.
In both samples combined, about 80 percent of students have already dropped out of
school by the time they are arrested for their rst felony.

Furthermore, even among the

remaining 20 percent, students with arrest records are often absent and/or suspended for
long stretches of time before an arrest occurs.

Thus it is plausible that keeping students

enrolled longer, or maintaining a stronger attachment to school, reduces the overall amount
of crime committed by delaying the onset of criminality through the peak period of oending
(Mott 1993; Nagin and Tremblay 1999).

4.3 The Eect of School Quality on Crime
All the results so far have been ITT estimates of the eect of winning the lottery. In Table
8, I use the lottery to instrument for measures of enrollment and school quality. The rst
two columns present results for the full sample of middle school and high school males, and
the second two columns restrict the sample to lottery applicants in the top risk quintile.
The odd numbered columns have social cost of arrested crimes as the outcome, and the even
numbered columns show the same but with murder trimmed. In the second row I scale up
the eect of winning the lottery by actual enrollment in the rst choice school. In Table 3
we saw that a relatively high fraction of lottery losers still managed to enroll. Therefore,
the estimates in Table 8 are LATEs for youth who comply with the treatment, and do not
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generalize to the full sample.
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Since the average  rst stage eect on enrollment in Table

3 was around 0.55, the IV estimate is a bit less than double the ITT estimate. The third
row shows the per-year eect on crime of enrollment in a rst choice school. The estimate
is particularly large for high risk youth - each year of enrollment saves society over $55,000
in criminal victimization costs for arrested crimes.
Next I use the lottery to instrument for the measures of school quality described in Table
3.

Each measure is normalized to have mean zero and standard deviation one.

The last

outcome is a normalized average of the other four quality measures. Overall, the magnitudes
are relatively similar across dierent measures of quality. In the full sample, a one standard
deviation in school quality leads to a reduction of between $18,000 and $28,000 ($1,900 and
$2,800 when murder is trimmed) in the social cost of arrested crimes. Unfortunately, the
measures of peer and teacher inputs and revealed preference are too collinear to distinguish
the eects of each of them separately.
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For high risk youth, the estimates are much larger,

around $100,000 (or $15,000 with murder trimmed) for a one standard deviation increase in
school quality.

5 Discussion and Policy Implications
The nding that most of the eect of attending a better school on crime comes from the
highest risk youth has important policy implications.

Since criminal involvement can be

predicted using covariates that are readily available to the school district, resources could be
targeted very eciently toward these youth. While any reasonable social welfare function
would also value other outcomes that I cannot measure here, it is important to note that

33 The IV estimates are only valid if the monotonicity assumption (no deers - i.e. no applicant would
have enrolled if they lost or not enrolled if they won) holds (Angrist, Imbens and Rubin 1996). The group of
compliers is a latent type, since we cannot directly observe who among the complier lottery losers would have
enrolled if they had won (and vice versa for winners). Empirically, observed compliers are drawn from the

| Xij ) = .237) relative to the lottery loser  always-takers
c
 never-takers ( Pr(arrest
| Xij ) = .302).

c
middle of the distribution of arrest risk ( Pr(arrest
c
(Pr(arrest
| Xij )

= .161) and the lottery winner

34 Controlling for one of the other quality measures in the regressions in Table 8 leads to highly imprecise

estimates. Also, simply by inspection, the ranking of schools across each measure is almost identical.
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crime, unlike many other potential benets of increased school quality, inicts large negative
externalities on society. If we take the social cost estimates presented in Table 4 seriously,
oering high risk youth admission to a better school generates large benets for society as a
whole.
CMS chose to implement an open enrollment school choice plan as an alternative to
a traditional neighborhood schools model. They expanded capacity at schools where high
demand was anticipated, including magnet schools that were located in the inner city. These
schools increased yearly enrollment substantially and were in many cases still oversubscribed.
Many low-performing schools, on the other hand, experienced large reductions in enrollment 
by as much as 50 percent in some cases. Thus, relative to a pure neighborhood schools model,
the net eect of open enrollment was to increase access to magnet and highly demanded
schools for youth who would not otherwise be able to enroll. This strong demand response
means that the treatment is not just a transfer from losers to winners, and could represent
a real welfare gain.
Relative to a strict neighborhood schools assignment system, oering admission to nonguaranteed schools for the over 1700 lottery winners in both samples combined led to a
decrease of nearly $35 million in the social cost of arrested crimes. However, not all crimes
lead to an arrest. If we assume that the crime to arrest ratio (the clearance rate) is the same
for lottery winners and losers, as well as the nation overall, we could multiply this gure
by approximately 3 (Federal Bureau of Investigation 2007). The social cost estimates from
Miller, Cohen and Wiersema (1996) do not include the cost of incarceration. Combining the
ITT estimates from Table 4 for days incarcerated, lottery winners spent nearly 29 fewer years
in prison, saving society about $685,000 based on the current estimated cost of incarceration
(Prisons Bureau 2008). It is also worth noting that many more youth were granted access to
a non-guaranteed school, but since all them were admitted, there is no random variation in
attendance for them. If the results in the lottery sample are generalizable to this group (who
are slightly more disadvantaged, because of the priority boost given to free lunch eligible
applicants), the eect of open enrollment on crime would be considerably larger.
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While any welfare calculation would also have to include the possible negative externality
imposed by these youth on their new peers, such an eect is likely to be a small fraction
of the individual reduction in crime for two reasons. First, estimates from the peer eects
literature are generally small (Angrist and Lang 2004; Hoxby and Weingarth 2006; Carrell
and Hoekstra 2008; Imberman, Kugler and Sacerdote 2009). Second, lottery winners would
need to have a much larger dierential impact on their peers than they would have had
in another school. Since they attended better schools on average (as did many other high
risk youth who attended a non-guaranteed school but were not subject to randomization),
disruptive students were less concentrated under open enrollment than they would have been
in a neighborhood schools model. Depending on the nature of peer eects, the eect could
go in either direction, but the available evidence suggests that concentrations of disruptive
children increase overall misbehavior (Carrell and Hoekstra 2008; Imberman, Kugler and
Sacerdote 2009). All of these calculations consider a pure neighborhood schools model as
the counterfactual. In that case, the estimates are likely to understate the total eect, since
many lottery losers ended up in other schools to which they were not guaranteed admission.
While these schools were generally not oversubscribed and thus probably not as high quality
as the schools attended by lottery winners, they may have been better than the neighborhood
schools assigned to many high risk youth.
Since all of the estimated impact on crime comes from high risk youth, an open enrollment
plan that gives priority to them will be more eective at reducing crime. To quantify the
benets of targeting, I simulate the lottery and resulting distribution of students to schools
under two alternative assignment rules. First, I assign open slots to the highest risk students
(based on the prediction generated in Section 3.1) in descending order, for each lottery.
While such an allocation system would be controversial, it would be feasible since all the
covariates are available to the school district.

Second, I simulate a simple lottery with

no priority groupings, similar to the decentralized lotteries conducted by many US charter
schools. The CMS lottery system assigned a  priority boost to free lunch-eligible (FRPL)
students who applied to schools with a low fraction of FRPL students in the previous year.
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As a consequence, many poor (and high crime risk) students were automatically admitted to
schools when other students had to win the lottery (or, in some cases, only FRPL students
could be admitted, and no other students were admitted).
For both assignment rules, I simulate the lottery 500 times and calculate the new expected
distribution of students to schools. In the last step, I use the original parameter values from
the estimation of equation (2) for the social cost of crime outcome. This calculation makes
some important assumptions. First, it assumes that students' choices were not strategic, and
thus they would not have changed their preferences if the assignment rules changed. Second,
it assumes that the relationship I estimate between crime risk and the social cost outcome is
generalizable out of sample. Finally, it assumes that there are no dierential spillover eects
from lottery winners to their schoolmates under each scenario.
I estimate that if slots in oversubscribed schools were allocated to the highest risk students, the social cost of crime would fall by an additional 27 percent relative to the actual
CMS assignment mechanism. Most of this eect comes from changes in the middle school
lottery, for two reasons.

First, the eect is more strongly increasing in crime risk for the

middle school lottery than for the high school lottery (see Figures 4 and 5). Second, there
is much less sorting across choices at the middle school level, so there are many low and
high risk students applying to the same schools. Still, this scenario is probably unrealistic.
A more realistic form of targeting is the method actually pursued by CMS  a  priority
boost for economically disadvantaged students. I estimate that this policy choice lowered
the social cost of crime by about 12 percent, relative to a simple lottery with no preferential
treatment. Again, the eect comes mostly from middle schools.

6 Conclusion
In this paper I estimate the longer-term eect of on adult crime of winning an admissions
lottery to attend a better middle or high school.

I nd that winning the lottery greatly

reduces crime, and the eect is concentrated among the highest risk youth in the sample.
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Importantly, the eects of winning the lottery persist beyond the treatment years into the
peak ages of criminal oending and beyond. After enrollment in the rst choice school is
complete, youth attend similar schools and live in similar neighborhoods. Yet the impacts
persist for seven years after random assignment.

The ndings suggest that schools may

be a particularly important setting for the prevention of future crime. Most of the future
criminals in the sample drop out of school at a very young age and are incarcerated for
serious crimes prior to the age of high school graduation. For high risk youth on the margins
of society, public schools may present the best opportunity to intervene. Relative to a strict
neighborhood school assignment system, the open enrollment plan implemented by CMS
allowed many high risk youth to attend a better school. As a consequence, fewer socially
costly crimes were committed, generating millions of dollars of estimated savings to society.
The end of busing and the implementation of open enrollment in CMS was a signicant
policy change. Because there was so much churning and reassignment of students to schools
in this year, we must be cautious when extrapolating the results out of sample. The four
lowest-ranked high schools lost over 20 percent of their enrollment from 2002 to 2003. In
subsequent years, two of these schools were restructured as magnet schools that oered
a series of specialized programs in a small school setting.

Similarly, two of the lowest-

ranked middle schools were subsequently closed. This suggests that open enrollment sent a
strong demand signal to CMS that resulted in the shutting down or restructuring of lowperforming schools. Hastings, Kane and Staiger (2008) estimate a model of parental demand
for elementary and middle schools in CMS and nd test score gains only for students whose
parents place a high implicit weight on academic achievement.

These students are more

likely to be white and high-income.
The results in Hastings, Kane and Staiger (2008) imply that school choice will increase
stratication by placing more competitive pressure on higher-achieving schools to raise student achievement.

In contrast, the results here and in Deming et al. (2009) suggest that

disadvantaged students can benet from attending better schools without improving their
own test scores. From a societal perspective, reductions in criminal victimization increase
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welfare and may justify public intervention more than test score gains for academically able
students.
However, open enrollment in CMS was gradually scaled back and replaced with a  controlled choice system where only magnet schools and special programs were accessible by
lottery.

One possible reason is that parents of lottery losers were more likely than others

to vote in the next school board election (Hastings et al. 2007). The No Child Left Behind
Act of 2001 included a provision that allowed parents to transfer students from  persistently
dangerous public schools, but many states have set the legal threshold so high that very
few schools qualify. The results here suggest that, to the extent that low quality schools are
also persistently dangerous, allowing students to leave them for a better school might benet
individual students as well as society as a whole.

A Data Appendix
A.1 Sample and Data Sources
The analysis sample consists of 44,028 students in grades 6 through 11 who were enrolled
in any CMS school in the previous year. These students listed as rst choices 28 dierent
middle schools and 17 dierent high schools. 26,474 students listed rst a school to which
they were guaranteed admission. Of the remaining 17,554 students, 5,033 were in lotteries
where no students were oered admission, and 8,310 were in lotteries where all students were
accepted. This left 4,211 students with admission to a rst choice school that was subject to
randomization (1,891 in high school and 2,320 in middle school). Nearly all schools had some
applicants that were randomized (24 of the 28 middle schools, and 16 of the 17 high schools).
Together with dierent priority groupings for grades and free lunch-eligible applicants, there
were 72 lotteries in the middle school sample and 34 lotteries in the high school sample.
About 46 percent of high school lottery applicants and 38 percent of middle school lottery
applicants were admitted to their rst choice school, although this varied tremendously by
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lottery.
The lottery le comes from Hastings, Kane and Staiger (2008) and includes students'
individual choices, priority groupings, and lottery numbers. Within each priority group, lottery numbers were randomly assigned to students and slots were lled in ascending order by
lottery number. I veried that the lottery numbers were accurate by plotting the probability
of enrollment against within-priority-group lottery numbers and looking for evidence of a
sharp break in enrollment at the minimum number cuto.

These graphs are available on

request.

A.1.1

CMS Administrative Data

CMS maintains yearly student records that are linked longitudinally with a unique student identication number. The North Carolina Department of Public Instruction (NCDPI)
requires CMS to report end-of-year (EOY) les for each school and grade with student enrollment, demographics, behavior measures and yearly test scores in a standard format. In
addition to basic demographic information, these les include standardized math and reading
End-of-Grade (EOG) tests for grades 3 through 8, End-of-Course (EOC) exams scores for
specic subjects (such as Algebra I, Chemistry, and English I) taken mostly in high school,
excused and unexcused absences, total days out-of-school suspended, special education classications (with information about the nature and severity of the disability) and limited
English prociency status.
In addition to these EOY les, I have obtained more detailed information under a data
use agreement with CMS and the Harvard Center for Education Policy Research (CEPR).
The data are stored on secure computers with no internet connectivity in a room at CEPR.
Access is restricted to identied researchers by means of a keycard system. The data include
student's name, date of birth, and exact address. They also include yearly course enrollment
information and grade received, which I can use to construct measures of grade point average
and accumulated credits. I use address information to group students into census tract-byschool zone neighborhoods, and I control for these neighborhood xed eects in the crime
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prediction regression in Section 3.1.

Following Hastings, Kane and Staiger (2008), I also

use address information to calculate straight-line distance from each student's home to each
school, which I use in the revealed preference calculation in Table 3.
The CMS administrative data also contains dates of school enrollment and withdrawal.
Each spell of enrollment has an associated withdrawal code. Withdrawal codes include high
school graduation, transfer within CMS, transfer to private or charter schools, transfer to
another public school in-state, out-of-state transfer, dropout, and no show, as well as other
categories such as assignment to alternative schools, expulsion and death. CMS also provided
a teacher information le, which includes courses taught, years of experience and information
about the colleges attended and degrees obtained.

I match each teacher's undergraduate

institution to the Barron's Prole of American Colleges 2009, which groups schools into
categories such as competitive, very competitive, and most competitive, and use these
classications in the measure of teacher quality in Table 3.

A.2 Crime Data Collection and Match Process
Arrest data at the county level come from the Mecklenburg County Sheri. The data include all arrests made in Mecklenburg county, including by arresting agencies with other
jurisdictions (ex. Immigration and Naturalization Services, the US Marshals and other federal agencies, as well as city police from Charlotte and surrounding smaller cities). The data
include all arrests made beginning on January 1st, 2006 through June 15th, 2009, with the
exception of the approximately 3 percent of arrests that were expunged or missing.

The

data are collected at the arrest level, and include information on the classication (felony,
misdemeanor, trac), processing (bond amount, warrant, etc.)

and exact description all

associated charges at the time of arrest. Each arrest is assigned a unique 7 digit number in
the order that it is processed, and rst time arrestees are assigned a unique 6 digit identication number (established by ngerprinting) that links them across multiple arrests, if any.
I have information on each arrestee's name and date of birth, which I use to match to the
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CMS administrative data, as well as home address at the time of arrest. MCS incarceration
data cover the same period of time as the arrest data and are kept in a similar format. The
unique 6 digit identication number links individuals to all spells of incarceration in MCS
jails, and the associated charges. The data include name and date of birth and the rst and
last day of each incarceration spell.
The original source for the 2006-2009 Mecklenburg county arrest and incarceration data is
http://www.charmeck.org/Departments/MCSO/Inmate+Information/InmateLookup.htm. As
the website states, North Carolina Law makes this information public. The Mecklenburg
County Sheri 's Oce provides it via the internet for your convenience.

The arrest data

can be found at http://arrestinquiryweb.co.mecklenburg.nc.us/ and the incarceration data at
http://mcsowebsvr.co.mecklenburg.nc.us/inmatesearch/inmate_search.asp.

Both websites

allow users to access information that is up to 3 years old, counting from the day the website is accessed (since I started collecting the data on January 1st, 2009, my data begin on
January 1st, 2006). I collected the data by writing a script (also known as a macro) in an automation language called AutoIt. This program, which is similar to the more commonly used
Perl, allows me to automate keystrokes, mouse clicks and other basic computer functions.
MCS assigns arrest numbers consecutively in the order they are processed, so I wrote a script
that entered arrest numbers in order into the website and copied all the relevant information
into a text le. The websites both include name and date of birth, so I was able to connect
arrests to individuals, and then individual arrestees (in some cases) to student records in
CMS. Because of the format of the website, I was unable to fully automate collection of the
incarceration data. Therefore, I collected incarceration data for African-American members
of the lottery sample only.
I also obtain data from the North Carolina Department of Corrections (NCDOC). These
data include spells of incarceration and associated charges and convictions for individuals
who serve time in state prison. Members of the lottery sample can thus be linked to crimes
committed outside of Mecklenburg county, but only if they spend time in state prison for
those crimes. The NCDOC data include spells of incarceration prior to 2006, but only for
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individuals who are incarcerated or under the supervision of the justice system (i.e.

on

probation) as of 2009. Data from 2006 to the present do not have this limitation. Therefore,
I also limit analysis of the NCDOC incarceration data to 2006 and later, for consistency.
Like the MCS incarceration data, I was unable to fully automate collection of the NCDOC
data, so I restrict to African-American members of the lottery sample only. See Appendix
A.5 for example screen shots from the MCS and NCDOC websites.
Finally, I matched the crime data to CMS administrative data using rst name, last name,
and exact date of birth. To account for inconsistencies across data sources (i.e. hyphenated
names, apostrophes, Dave vs. David etc.) I employed a partial matching algorithm. I
used a STATA program written by Eric Taylor at CEPR called lndmerge that calculates
the Levenshtein distance between two variables using optimal matching of sequences. The
intuition is as follows: rst the matching variables in each data source (i.e. name and date
of birth) are combined into a unique string. Then all the observations in both datasets are
combined into a matrix, and each combination is assigned a score (or distance) based on
how many changes would need to be made to obtain an exact match.

Longer strings are

less likely to be exact matched, and so are penalized proportionately less for a change (i.e.
David-Devid would count as a worse match than DavidDeming-DevidDeming). Using this
method, about 87 percent of the matches were exact. I adopted various rules for accepting
partial matches (a minimum score, minimum score plus exact match on rst letter of last
name, or on year of birth etc.) None of these made any dierence in the main results, nor
did restricting the analysis to exact matches only.

A.3 Social Cost of Crime Calculations
The social cost of crime estimates from Miller, Cohen and Wiersema (1996) include tangible
costs such as lost productivity, medical and mental health care and other social services,
and property damage.

They also include estimates of intangible costs such as quality of

life (based in part on the amount individuals are willing to pay to reduce the risk of death,
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and the compensatory component of jury damage awards - see Miller, Cohen and Wiersema
1996 for details).

Intangible costs make up most of the estimated cost of violent crimes,

and are inherently dicult to monetize. Notably, the study does not include criminal justice
system costs such as policing, crime and arrest processing, or incarceration.

It also does

not include the costs undertaken by individuals to avoid crime. Here I list the costs for the
index property and index violent crimes, plus a few other notable crimes that drive the main
estimates in the paper (all estimates are converted to 2009 dollars).

1. Murder - $4.38 million

2. Rape - $129,630

3. Aggravated Assault - $35,760

4. Domestic Assault - $16,390

5. Simple Assault - $2,980

6. Robbery - $11,920

7. Motor Vehicle Theft - $5,513

8. Burglary - $2,086

9. Larceny - $551

Miller, Cohen and Wiersema (1996) do not monetize all crimes, and notably they exclude
drug crimes from the estimation.

One alternative is to impute a cost of zero for all drug

crimes. This leaves the estimates for the middle school sample unchanged, but reduces the
social cost estimates for the high school sample by approximately 25 percent. In the main
estimates in the paper, I impute a cost of drug felonies that is equivalent to felonies of the
same standing under the North Carolina Structured Sentencing Act. This varies by crime and
the schedule of the controlled substance (for example, cocaine is schedule 2 and punished
more severely than marijuana, which is schedule 6).
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The approximate classications are

below (for marijuana, crimes are roughly one step down in severity, so tracking in marijuana
= sell/deliver cocaine, roughly):

1. Drug Tracking = Robbery = $11,920

2. Sell/Deliver = Motor Vehicle Theft = $5,513

3. Possession with Intent to Distribute = Burglary = $2,086

4. Simple Possession (Felony) = Larceny = $551
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Delinquency in a birth

Table 1: Arrest Rates and Match Between School District and Arrest Data
Panel A: Arrest Rates by Race/Gender and Crime Type
African-American
Hispanic
Male
Female
Male
Female
(1)
(2)
(3)
(4)

White/Asian
Male
Female
(5)
(6)

Ever Arrested
Any Arrest
Any Felony
Index Property
Index Violent
Drug Felony

0.34
0.20
0.09
0.07
0.08

0.13
0.03
0.01
0.00
0.01

0.16
0.08
0.04
0.02
0.01

0.04
0.01
0.00
0.00
0.00

0.10
0.03
0.01
0.01
0.01

0.03
0.01
0.00
0.00
0.00

Sample Size

8,834

8,493

519

504

9,095

8,748

Panel B: Percent of Arrests Matched to a CMS Attendee
African-American
Hispanic
Year of Birth
Male
Female
Male
Female
(1)
(2)
(3)
(4)

White/Asian
Male
Female
(5)
(6)

(7)

All
Felonies
(7)

1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993

0.26
0.59
0.65
0.73
0.72
0.79
0.83
0.85
0.90
0.93
0.93
0.94
0.95
0.97

0.20
0.39
0.56
0.73
0.66
0.76
0.74
0.78
0.86
0.88
0.91
0.92
0.94
0.82

0.01
0.02
0.03
0.03
0.04
0.08
0.12
0.13
0.23
0.40
0.57
0.79
0.74
0.75

0.00
0.03
0.08
0.09
0.09
0.04
0.24
0.24
0.31
0.76
0.75
0.88
0.83
1.00

0.11
0.27
0.34
0.43
0.48
0.49
0.53
0.59
0.72
0.73
0.82
0.80
0.81
0.80

0.04
0.22
0.25
0.33
0.42
0.42
0.43
0.53
0.67
0.71
0.68
0.81
0.80
0.57

0.19
0.44
0.53
0.62
0.64
0.70
0.75
0.80
0.85
0.89
0.90
0.91
0.91
0.95

All Years

0.77

0.72

0.13

0.22

0.49

0.42

0.69

32,598

7,459

10,392

715

12,161

4,085

19,184

Sample Size

Notes: The sample in panel A consists of CMS attendees in grades K-5 in 1997 (ages 17-23 in 2009) that are still in CMS
in grade 8 or higher. Index property crimes are felony larceny, burglary and motor vehicle theft. Index violent crimes are
murder/manslaughter, aggravated assault, robbery and kidnapping. In Panel B the denominator is all arrests in
Mecklenburg County.

Table 2: Selection into the Lottery Sample
Outcome - Chose Non-Guaranteed School
(1)
(2)
(3)
(4)
(5)
(6)
Male
0.51
-0.01
-0.01
0.50
0.00
-0.00
[0.01]
[0.01]
[0.01]
[0.01]
African-American or Latino
0.40
0.27***
0.13***
0.73
0.03
0.04
[0.01]
[0.03]
[0.03]
[0.03]
Free / Reduced Lunch
0.40
0.26***
0.12***
0.71
0.04
0.01
[0.01]
[0.02]
[0.02]
[0.03]
Math (standardized)
0.15 -0.41*** -0.16*** -0.36
-0.03
0.13***
[0.01]
[0.01]
[0.04]
[0.04]
Reading (standardized)
0.15 -0.41*** -0.16*** -0.37
-0.04
0.11**
[0.01]
[0.04]
[0.05]
[0.05]
Days Suspended
0.63
0.55***
0.36***
0.99
0.33***
0.04
[0.04]
[0.08]
[0.13]
[0.08]
Days Absent
7.32
1.48***
1.02***
7.94
0.97***
0.37
[0.09]
[0.19]
[0.31]
[0.30]
Home School FE
X
X
X
X
>60% Nonwhite Only
X
X
X
Non-Degenerate Lotteries Only
X
Sample Size
44,028
18,353
Notes : The sample is all CMS students in rising grades 6-11 in the fall of 2002 who were enrolled in any CMS
school in the previous year. The first column presents the control mean and the second column presents
coefficients from a regression of the variable in each row on an indicator for whether the student listed a nonguaranteed school as their first choice. The third column adds neighborhood school fixed effects. Columns 4
shows the control mean and Column 5 shows estimates when the sample is restricted to schools where the
assigned student population is 60% or more nonwhite. In Column 6 the independent variable of interest is an
indicator for whether the student was in the lottery sample (i.e. they were in a priority group where the probability
of admission was neither zero nor one.) Free or reduced price lunch is an indicator of socioeconomic status.
Math and Reading are standardized scores administered in the years that students were in 5th grade (for middle
school) and 8th grade (for high school). Standard errors are clustered at the neighborhood school level. * - sig.
at 10% level. ** - sig. at 5% level. *** - sig. at 1% level.

Table 3: Effect of Winning the Lottery on Enrollment and School Characteristics
High Schools
Middle Schools
Risk Quintiles 1-4 Top Risk Quintile Risk Quintiles 1-4 Top Risk Quintile
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
Enrolled in 1st Choice
0.392 0.573*** 0.174 0.692*** 0.188 0.598*** 0.068 0.580***
[0.054]
[0.073]
[0.047]
[0.086]
Total Years Enrolled

1.06

1.49***
[0.17]

0.29

1.31***
[0.22]

0.45

1.13***
[0.09]

In Home School

0.399 -0.371***
[0.028]

0.489 -0.474***
[0.065]

0.555 -0.341***
[0.053]

0.406 -0.242***
[0.069]

School Characteristics
Percent Black

0.447

0.036
[0.041]

0.558

0.014
[0.049]

0.470

0.630

Percent FRPL

0.488

0.011
[0.038]

0.621

-0.030
[0.049]

0.566 -0.071**
[0.027]

0.732 -0.087***
[0.028]

Distance
(to assigned school)
School Quality Measures
Academic
(Test Scores)

6.63

2.01***
[0.51]

5.34

1.79***
[0.56]

6.03

5.19

0.49
[0.54]

-0.076

0.183
[0.117]

0.328**
[0.129]

-0.054*
[0.028]

0.48
[0.30]

0.16

-0.705 0.502***
[0.161]

-0.151 0.299***
[0.102]

-0.747

1.11***
[0.14]

-0.061*
[0.032]

Behavior
(Absent/Suspended)

-0.041 0.449***
[0.066]

-0.706 0.870***
[0.154]

-0.126 0.289***
[0.103]

-0.836 0.452***
[0.104]

Teacher Quality

-0.160

-0.772 0.435**
[0.202]

-0.155 0.382***
[0.134]

-0.455 0.472***
[0.150]

Revealed Preference

-0.075 0.554***
[0.156]

-0.538 0.906***
[0.191]

0.073

0.329**
[0.139]

-0.538

0.368**
[0.156]

Magnet School

0.165

0.087 0.365***
[0.122]

0.090 0.181***
[0.051]

0.045

0.203***
[0.049]

Sample Size

1014

0.055
[0.120]

0.331***
[0.113]

1081

Notes: Each point estimate is from a regression like equation (2), where lottery status is fully interacted with indicators for whether
an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the predicted probability of arrest estimated in
Section 3.1. Odd numbered columns present control means for each outcome, and standard errors are below each estimate in
brackets and are clustered at the lottery (i.e. choice by priority group) level. Each peer input measure is calculated using data from
the school year prior to the lottery and excludes sample members from the base rate calculation. Each school quality measure is
normalized separately at the middle and high school level. Test scores are the average of prior year (or latest available) math and
reading scores, and behavior is the same but for absences and out-of-school suspensions. Teacher quality is the average of the
percentage of teachers with less than 3 years of experience, and a measure of undergraduate college competitiveness based on
the Barron's rankings. See the text for details on the revealed preference calculation. * = sig. at 10% level; ** = sig. at 5% level; *** = sig. at 1% leve

Table 4: Effect of Winning the Lottery on Crime
Full Sample
Risk Quintiles 1-4 Top Risk Quintile
(1)
(2)
(3)
(4)
Felony Arrests
0.102
0.016
0.724
-0.127
[0.033]
[0.099]
Total Social Cost

7,140

-11,649
[7,783]

Total Social Cost
(murder trimmed)

1,350

-513
[657]

Sentence-Weighted
(in months)

3.8

3.3
[2.4]

52.5

-26.3**
[10.8]

58.6

-25.7
[15.8]

48.3

-30.6**
[13.9]

Total Days Incarcerated

7.8

3.9
[4.6]

70.0

-29.9**
[12.4]

91.4

-27.6
[19.6]

55.5

-38.3***
[12.5]

0.084

0.074*
[0.038]

0.404

0.014
[0.134]

0.435

-0.239
[0.250]

0.383

0.261
[0.173]

Index Violent

0.023

0.018
[0.020]

0.378

-0.233*
[0.140]

0.272

-0.089
[0.199]

0.451

-0.376*
[0.201]

Drug Felonies

0.035

-0.021
[0.023]

0.356

-0.090
[0.091]

0.478

-0.342**
[0.151]

0.271

0.169
[0.136]

Other Felonies

0.053

0.051
[0.038]

0.387

-0.151
[0.096]

0.489

-0.287*
[0.145]

0.316

-0.067
[0.123]

Felony Charges
Index Property

Sample Size

2095

36,464 -30,785
[19,489]

High
Middle
Top Risk Quintile Top Risk Quintile
(5)
(6)
(7)
(8)
0.761 -0.352*** 0.699 0.101
[0.126]
[0.180]
11,000 -16,580** 54,079 -39,607
[7,904]
[32,010]

11,886 -6,107*** 11,000 -4,611**
[2,095]
[2,025]

1014

12,500 -7,857**
[3,287]

1081

Notes: Each estimate is from a regression like equation (2), where the lottery treatment is interacted with indicators for whether
an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the predicted probability of arrest estimated
in Section 3.1. Odd numbered columns show control means for each outcome, and standard errors are below each estimate in
brackets and are clustered at the lottery (i.e. choice by priority group) level. The first four columns show results for the middle
and high school samples combined. Columns 5-6 and 7-8 show results for the top risk quintile only; quintiles 1-4 are included in
the model but not shown. Social cost estimates are calculated using figures from Miller, Cohen and Wiersema (1996) and
include victimization, but not justice system costs such as police or prisons. The sentence-weighted estimates assign weight to
crimes with according to their expected sentence from the NC Structured Sentencing Act. Index Property Crimes are larceny,
burglary and auto theft. Index violent crimes are murder, aggravated assault, robbery and rape. * = sig. at 10% level; ** = sig.
at 5% level; *** = sig. at 1% level.

Table 5: Effect of Winning the Lottery on Test Scores and Course-Taking
High Schools
Middle Schools
Top Risk Quintile Top Risk Quintile
School Discipline
(1)
(2)
(3)
(4)
Unexcused Absences - 2003
11.10
-0.88
8.22
-2.30**
(in days)
[1.70]
[1.12]
Unexcused Absences - 2004
9.52
-0.96
8.00
-0.80
(in days)
[2.40]
[1.48]
Days Suspended - 2003
9.54
-3.73**
10.70
0.74
[1.62]
[2.30]
Days Suspended - 2004
6.31
-0.24
10.90
-0.97
[1.59]
[1.76]
Serious Incident - 2006-2007
0.158 -0.143***
(Police, Long Term Suspension, Expelled)
[0.042]
Test Scores and Course-Taking
Math Score - 2003
-1.030
0.052
(in SD units)
[0.100]
Math Score - 2004
-0.927 -0.090
(in SD units)
[0.102]
Reading Score - 2003
-1.164 -0.076
(in SD units)
[0.172]
Reading Score - 2004
-1.190 -0.084
(in SD units)
[0.151]
9th Grade English Score
-1.195 -0.067
-1.033 -0.066
[0.171]
[0.179]
Remedial Math
0.366 -0.191** 0.209
0.022
(<Algebra I, 9th Grade)
[0.078]
[0.090]
Math Credits - Grades 9-10
1.051
0.094
0.833
0.104
[0.112]
[0.113]
Notes: Each point estimate is from a regression like equation (2), where the lottery treatment variable is
interacted with indicators for whether an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij
vector includes only the predicted probability of arrest estimated in Section 3.1. Odd numbered columns
present control means for each outcome, and standard errors are below each estimate in brackets and
are clustered at the lottery (i.e. choice by priority group) level. * = sig. at 10% level; ** = sig. at 5% level;
*** = sig. at 1% level.

Table 6: Effect of Winning the Lottery on School Enrollment Outcomes
High Schools
Middle Schools
Top Risk Quintile
Top Risk Quintile
Enrollment
(1)
(2)
(3)
(4)
(5)
In CMS - Grade 9 Year
0.930
0.014
0.767
0.032
[0.056]
[0.054]
In CMS - Grade 10 Year
0.673
-0.023
0.586
0.181***
[0.082]
[0.068]
In CMS - Grade 11 Year
0.541
0.052
0.519
0.091
[0.073]
[0.076]
In CMS - Grade 12 Year
0.348
0.008
0.376
-0.032
[0.080]
[0.073]
Grade Progression
"On Track" - Grade 9 Year
0.698
0.146**
0.534
0.032
[0.056]
[0.054]
"On Track" - Grade 10 Year
0.345
0.133
0.271
0.055
[0.084]
[0.065]
"On Track" - Grade 11 Year
0.207
0.121*
0.233
-0.079
[0.071]
[0.054]
"On Track" - Grade 12 Year
0.163
0.030
0.173
-0.067
[0.071
[0.047]
Final Status
Social Cost
CMS Graduate
0.272
-0.029
0.105
-0.033
4,600
[0.089]
[0.036]
Still Enrolled - 2009
0.143
0.031
1,426
[0.064]
Verified Dropout (>9th Grade)
0.272
-0.064
0.226
0.103
18,584
[0.054]
[0.065]
Transfer
0.207
0.098
0.278
-0.066
11,347
[0.083]
[0.054]
No Show
0.250
-0.003
0.248
-0.035
8,642
[0.052]
[0.058]
Notes : Each point estimate is from a regression like equation (2), where the lottery treatment variable is interacted
with indicators for whether an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the
predicted probability of arrest estimated in Section 3.1. Odd numbered columns present control means for each
outcome, and standard errors are below each estimate in brackets and are clustered at the lottery (i.e. choice by
priority group) level. The enrollment variables track whether a student is enrolled in any CMS school in the year
they would have been in each grade if they were progressing "on time". "On track" is defined as whether a student
has advanced at least one grade per year since the lottery and is not enrolled in an alternative school. See the text
for a discussion of the final status variables. Column 5 shows the average social cost of crimes for students in the
sample with each status code. * = sig. at 10% level; ** = sig. at 5% level; *** = sig. at 1% level.

Table 7: Dynamics of Crime
Approximate Age
Approximate Grade
Number of Felony Charges
Top Risk Quintile
Control Mean
1st - 4th Risk Quintiles
Control Mean
Social Cost - Murder Trimmed
Top Risk Quintile
Control Mean
1st - 4th Risk Quintiles
Control Mean
Days in Prison
Top Risk Quintile
Control Mean
1st - 4th Risk Quintiles
Control Mean

16-17
10-11
(1)

High School
18-19
20+
12
NS
(2)
(3)

Middle School
16-17
18-19
20+
10-11
12
NS
(4)
(5)
(6)

0.324*
[0.158]
{0.066}
0.022
[0.030]
{0.004}

-0.532* -0.334**
[0.276] [0.157]
{0.696} {0.669}
-0.052
0.032
[0.276] [0.040]
{0.048} {0.078}

-0.156 -0.001
[0.146] [0.285]
{0.308} {0.835}
0.026
0.079
[0.057] [0.073]
{0.044} {0.140}

1,768*
[894]
{510}
56
[144]
{53}

-2,477 -1,519**
[2,101]
[699]
{5,315} {2,715}
61
-431
[350]
[484]
{192}
{629}

-522
-3,836 -6,828*
[626]
[2,622] [3,714]
{1,167} {5,624} {11,250}
147
343
-1,352
[123]
[403]
[1,078]
{134}
{519} {1,416}

-13.81
[9.80]
{37.27}
6.39
[3.85]
{2.20}

-4.83**
[2.24]
{4.95}
0.27
[0.36]
{0.03}

0.150
[0.264]
{0.796}
0.158
[0.180]
{0.056}

-14.02* -34.72**
[8.23] [15.44]
{23.69} {47.38}
1.20
-2.52
[1.15]
[3.08]
{1.33}
{2.34}

Notes: Each point estimate is from a regression like equation (2), where the lottery treatment variable is interacted
with indicators for whether an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the
predicted probability of arrest estimated in Section 3.1. The effects are divided into three periods of time based on
the approximate age or school grade of lottery applicants. Since the sample varies in baseline age, each column is
scaled as a two-year increment to make the levels comparable over time. Standard errors are below each estimate
in brackets and are clustered at the lottery (i.e. choice by priority group) level, and control means are below the
standard errors in curled brackets. Columns 1-3 and 4-6 show results for the high school and middle school
samples respectively. Social cost estimates are calculated using figures from Miller, Cohen and Wiersema (1996)
and include victimization, but not justice system costs such as police or prisons. * = sig. at 10% level; ** = sig. at
5% level; *** = sig. at 1% level.

Table 8: IV Estimates of the Effect of School Quality on Crime
Dependent Variable - Social Cost of Arrested Crimes
All
High Risk
(1)
(2)
(3)
(4)
Won Lottery (ITT)
-8,183**
-809***
-63,270
-8,042***
[3,788]
[301]
[41,687]
[2,444]
Enrolled (LATE)

-14,634**
[6,546]

-1,378**
[562]

-103,127
[65,992]

-13,511***
[3,934]

Years Enrolled

-6,502**
[2,826]

-612**
[247]

-55,772*
[32,775]

-7,307***
[1,894]

-28,067*
[14,716]

-2,771*
[1,452]

-161,562
[134,270]

-20,955*
[11,265]

Peer Behavior

-20,106**
[8,677]

-1,985**
[869]

-106,819
[79,003]

-13,855**
[6,058]

Teacher Quality

-28,056*
[15,830]

-2,864
[1,525]

-126,432
[104,920]

-17,079**
[8,534]

Revealed Preference

-18,660**
[7,973]

-1,905**
[811]

-90,184
[59,660]

-12,182***
[4,397]

Composite Quality Measure

-22,649**
[9,923]

-2,312**
[975]

-110,209
[78,201]

-14,888***
[5,749]

No
4,210

Yes

No
420

Yes

Quality Measures
Average Test Scores

Murder Trimmed

Notes: The estimates are obtained by using the lottery as an instrument for the outcome in each
row. The dependent variable is the social cost of arrested crimes, taken from Miller, Cohen and
Wiersema (1996), which includes criminal victimization but not justice system costs such as
police or prisons. The even numbered columns present the same results but with murder
trimmed to be twice the cost of rape. Each peer input measure is calculated using data from the
school year prior to the lottery and excludes sample members from the base rate calculation.
Test scores are the average of prior year (or latest available) math and reading scores, and
behavior is the same but for absences and out-of-school suspensions. Teacher quality is the
average of the percentage of teachers with less than 3 years of experience, and a measure of
undergraduate college competitiveness based on the Barron's rankings. See the text for details
on the revealed preference calculation. Composite quality is a normalized average of all four
measures. * = sig. at 10% level; ** = sig. at 5% level; *** = sig. at 1% level.

Figure 1 – Age Profile of Crime in Mecklenburg County
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Notes: Includes all arrests, not just those matched to CMS students. The data begin at age 16, when youths
are treated as adults by the criminal justice system in North Carolina.
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Notes: Each point estimate and 90 percent confidence interval are taken from a regression like equation (2)
where the lottery treatment is fully interacted with indicators for whether a youth is in each risk quintile. Ftests for equality of treatment and control groups across all five quintiles and for equality of quintiles in
levels are presented on each graph, as are test for equality within each quintile when statistically
significant. The Days in Prison outcome is available for African-American males only (N=610).

Figure 5 – Effect of Winning the Lottery on Crime, by Arrest Risk Quintile
Middle School Sample (N=1,081)
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Notes: Each point estimate and 90 percent confidence interval are taken from a regression like equation (2)
where the lottery treatment is fully interacted with indicators for whether a youth is in each risk quintile. Ftests for equality of treatment and control groups across all five quintiles and for equality of quintiles in
levels are presented on each graph, as are test for equality within each quintile when statistically
significant. The Days in Prison outcome is available for African-American males only (N=649).
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A.4 Appendix Tables
A.4.1 – Coefficients from Arrest Prediction
A.4.2 – Randomization Check
A.4.3 – Main Crime Impacts – Alternate Specifications
A.5 Screen Shots
A.5.1 – MCS County Arrest Data
A.5.2 – MCS County Incarceration Data

Table A1: Arrest Prediction
Dependent Variable: Ever Arrested (Logit Coefficients)
High (6-8 Xs)
Middle (3-5 Xs)
Demographics
Male
1.16 (0.05)
0.93 (0.05)
Black
0.47 (0.07)
0.41 (0.07)
Latino
-0.70 (0.16)
-0.29 (0.11)
FRPL
0.32 (0.07)
0.47 (0.07)
Math Scores
6th / 3rd
-0.05 (0.07)
0.03 (0.06)
squared
0.02 (0.03)
-0.02 (0.03)
7th / 4th
-0.05 (0.07)
-0.01 (0.06)
squared
-0.00 (0.03)
0.01 (0.03)
8th / 5th
-0.10 (0.07)
-0.19 (0.06)
squared
-0.05 (0.03)
-0.00 (0.02)
Reading Scores
6th / 3rd
-0.14 (0.07)
-0.09 (0.06)
squared
-0.09 (0.03)
-0.01 (0.03)
7th / 4th
-0.14 (0.07)
-0.05 (0.06)
squared
-0.01 (0.03)
-0.04 (0.03)
8th / 5th
-0.05 (0.06)
-0.15 (0.06)
squared
0.01 (0.02)
-0.04 (0.02)
Special Education
6th / 3rd
0.03 (0.09)
0.05 (0.07)
7th / 4th
-0.08 (0.11)
-0.06 (0.08)
8th / 5th
0.06 (0.09)
0.10 (0.06)
Days Absent
6th / 3rd
0.002 (0.005)
0.001 (0.005)
7th / 4th
0.004 (0.004)
0.001 (0.005)
8th / 5th
0.012 (0.003)
0.012 (0.004)
Days Suspended
6th / 3rd
0.015 (0.013)
0.125 (0.039)
7th / 4th
0.006 (0.011)
0.014 (0.034)
8th / 5th
0.008 (0.009)
0.028 (0.027)
Ever Suspended
6th / 3rd
0.29 (0.08)
0.31 (0.12)
7th / 4th
0.39 (0.08)
0.45 (0.11)
8th / 5th
0.60 (0.07)
0.54 (0.09)
Sample Size
Pseudo R-squared
Χ2 (Test Scores)
Χ2 (Behavior)
Χ2 (Geography)

20,858
0.218
163.12
538.77
260.51

22,657
0.185
158.07
390.92
259.28

Notes: Each row gives the logit coefficient from a regression that predicts the probability that a student will
ever be arrested as a function of the covariates listed above, plus dummy variables for missing test scores in
each year and census tract-by neighborhood school fixed effects. The density of these arrest predictions is
graphed in Figure 3, and they are used to break students into the risk quintiles discussed in Section 3.1 The
last 3 rows show test statistics for joint significance of the test score variables, the absence and suspension
variables, and the geography fixed effects respectively. Values for missing data are imputed based on race
and gender means, but only for students who were actually enrolled in CMS at the time. Coefficients in
bold are sig. at the 5% level or greater.

Table A2: Randomization Check

African-American

High Schools
Middle Schools
Risk Quintiles 1-4 Top Risk Quintile Risk Quintiles 1-4 Top Risk Quintile
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
0.438
0.024
0.902 0.035
0.475
0.031
0.925 0.032
[0.025]
[0.061]
[0.028]
[0.042]

Free / Reduced Lunch

0.474

0.037
[0.037]

0.913

-0.062
[0.078]

0.575

-0.024
[0.024]

1.000

-0.035
[0.036]

Math Score
(8th / 5th Grade)

-0.112

0.108
[0.079]

-0.937

-0.187
[0.119]

0.123

-0.020
[0.067]

-0.956

-0.196
[0.157]

Reading Score
(8th / 5th Grade)

-0.061

-0.015
[0.089]

-1.172

-0.034
[0.110]

0.100

-0.118*
[0.065]

-1.135

-0.289
[0.207]

Days Absent - 2002

8.14

0.96
[0.80]

20.52

-0.24
[2.77]

8.11

-0.97
[0.61]

17.34

-0.52
[1.74]

Days Suspended - 2002

1.17

-0.09
[0.36]

8.04

0.69
[2.29]

1.04

-0.39
[0.34]

6.50

0.24
[1.11]

Sample Size

811

203

864

217

Notes: Each point estimate is from a regression like equation (2), where lottery status is fully interacted with indicators for
whether an applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the predicted probability of arrest
estimated in Section 3.1. Odd numbered columns present control means for each outcome, and standard errors are below each
estimate in brackets and are clustered at the lottery (i.e. choice by priority group) level. * = sig. at 10% level; ** = sig. at 5%
level; *** = sig. at 1% level.

Table A3: Effect of Winning the Lottery on Crime - Alternate Specifications
Top Risk Quintile Only
High
Middle
OLS
Logit
Poisson NBR
OLS
Logit
Poisson NBR
Felony Arrests
-0.352***-0.992*** -0.787*** -0.599*** 0.101
0.226
0.020
0.069
[0.126] [0.317]
[0.243] [0.228] [0.180] [0.405]
[0.268] [0.236]
Total Days Incarcerated

0.100
[0.168]

-38.3***
[12.5]

-0.39
[0.39]

-1.29***
[0.42]

-0.23
[0.25]

-0.239 -0.747
[0.250] [0.539]

-0.697 -0.843*
[0.544] [0.477]

0.261
[0.173]

0.648
[0.565]

0.430
[0.328]

0.286
[0.399]

Index Violent

-0.089 0.384
[0.199] [0.719]

-0.427
[0.878]

-0.376*
[0.201]

-0.690
[0.457]

-1.917** -0.763*
[0.773] [0.453]

Drug Felonies

-0.342** -1.680***
[0.151] [0.336]

-1.454* -0.996*** 0.169
[0.845] [0.346] [0.136]

0.038
[0.417]

0.277
[0.706]

0.131
[0.477]

Other Felonies

-0.287* -0.708
[0.145] [0.702]

-0.984
[0.668]

0.517
[0.361]

-0.336
[0.412]

0.091
[0.350]

Felony Charges
Index Property

Sample Size

-27.6
[19.6]

1014

0.122
[0.246]

0.015
[0.520]

0.285
[0.595]

-0.285
[0.619]

-0.067
[0.123]
1081

Notes: Each estimate is from a regression like equation (2), where the lottery treatment is interacted with indicators for whether an
applicant is in the 1st-4th or 5th arrest risk quintiles. The Xij vector includes only the predicted probability of arrest estimated in
Section 3.1. Block bootstrapped standard errors (with lotteries as clusters) are below each estimate in brackets. The first column
contains OLS estimates, repeating the results in Table 4. The second column estimates a logit and converts each outcome into an
indicator variable. Columns 3 and 4 present results using poisson and negative binomial count models. Index Property Crimes are
larceny, burglary and auto theft. Index violent crimes are murder, aggravated assault, robbery and rape. * = sig. at 10% level; ** =
sig. at 5% level; *** = sig. at 1% level.

Figure A1 – MCS Arrest Data Screenshot

Figure A2 – MCS Incarceration Data Screenshot

