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Abstract
Using detailed administrative data and quasi-random cohort-level variation, I find that exposure to high risk peers while in a juvenile correctional facility has a large impact on future
crime. I consider three mechanisms to explain this effect: criminal skill transfer, the formation
of criminal networks which persist after release, and the social contagion of crime-oriented attitudes and non-cognitive traits. I find evidence consistent with the social contagion mechanism in
residential correctional facilities. Exposure to peers from unstable and/or abusive homes leads
to increased aggression, impulsivity and anti-societal attitudes, as well as increased criminal
activity. Geographical constraints make persistent network formation unlikely in this setting,
and the effect is not diminished by controlling for criminal experience (a proxy for skill). I
find evidence consistent with persistent network formation in alternative schools for delinquent
youth, a more conducive setting for this mechanism due to geographical concentration. Exposure to peers with extensive criminal experience or gang connections influences future criminal
behavior, but only if peers live in the same city. I examine differences across genders: while
boys are particularly susceptible to negative peer influence, girls respond more to the positive
influence of lower risk peers. Using a variety of tests I find no evidence of correlation in criminal
propensity across cohorts once facility and time-of-release fixed effects have been accounted for.
I develop a ‘split sample’ technique to generate unbiased estimates of the correlation between
own and peer risk levels despite negative mechanical correlation, and verify standard errors
non-parametrically via permutation.
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Day after day, I watched lines of young people, most often young men
of color, stream through my courtroom. I learned how drug abuse, crime
and incarceration can trap people in a destructive cycle. A cycle that
weakens communities, tears families apart and destroys individual lives.
-Attorney General Eric Holder
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Introduction

Nationwide, somewhere between 40 and 45% of adults released from prison find
themselves back in prison within three years (Gelb, 2011) and the numbers are
similar for juveniles (Mendel, 2011). This revolving door has led some to wonder
whether there might be something criminogenic in the experience of incarceration,
particularly for youth. Recent evidence supports this: using an instrumental variables approach with random assignment to judges, Aizer and Doyle (2013) find
that juvenile incarceration leads to a 25% increase in the likelihood of adult incarceration and a 13% decrease in high school graduation. A variety of theories
have been proposed that could explain this effect. One branch of research focuses on the intensive social experience of incarceration: near complete isolation
from the rest of society and around-the-clock exposure to a group of criminally
experienced and life-hardened peers (Chen and Shapiro, 2007; Bayer et al., 2009;
Lerman, 2013). Could social interactions had while incarcerated increase the likelihood of criminal behavior after release? The evidence presented in this paper
says a resounding ‘yes’.
To date, there has been very little empirical research examining whether the
social experience of incarceration affects future criminal activity. Bayer et al.
(2009) find that exposure to peers with experience in a particular crime category
increases the likelihood of offending with that particular crime after release, but
only for those who already had experience in that crime. They propose several
possible explanations, but the data they had access to did not allow them to
distinguish the mechanism behind the finding, nor explain why the influence was
only present for those who already had experience in that crime category.1 More
generally, a number of papers have shown that neighborhoods, schools or type
of incarceration facility affect crime, but it is difficult to detangle peer influence
from other changes in setting, let alone distinguish between various mechanisms
of peer influence (Glaeser et al., 1995; Ludwig et al., 2001; Jacob and Lefgren,
2003; Chen and Shapiro, 2007; Billings et al., 2013).
This paper builds on the work of (Bayer et al., 2009) by demonstrating a variety
of ways that peer exposure during incarceration affects future crime, as well as
detangling the mechanisms behind these effects. I accomplish this by constructing
a unique, highly detailed dataset which pulls from several administrative sources
and covers all youths released from a juvenile justice program in the state of
1

Criminal skill transfer provides an incomplete explanation as many of the crimes for which there was an effect
are not what what one normally thinks of as skill-intensive (assault, sex offenses) and no peer effects were found for
crime types that demand more skill (auto-theft, grand larceny, robbery). Network formation or the reinforcement of
addictive behavior were other proposed explanations.
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Florida between July 2006 and July 2011. Variations in gang affiliation, stability of
the family life, criminal experience, attitudes towards crime, non-cognitive traits,
correctional settings and distance between home towns allow me to distinguish
between three mechanisms of peer influence, each grounded in a particular strand
of economic theory. The first mechanism I consider is criminal skill transfer,
which is motivated by the classic Mincer equation (Mincer, 1974). Under this
theory, peers teach each other practical skills which increase the returns to crime.
The second mechanism I consider is persistent network formation. Under this
mechanism, teenagers form connections while incarcerated which persist after
release; these networks can increase access to criminal resources in much the
same way that networks increase opportunities in the legal economy (Jackson,
2011). The third mechanism is the social contagion of crime-oriented attitudes
and non-cognitive traits. A relatively new branch of economic theory explores the
role of non-cognitive skills in both the legal and illegal labor market (Heckman
et al., 2013). The social contagion mechanism posits that peers influence the
development of traits such as aggression, impulsivity and the ability to postpone
gratification in such a way that the expected net benefits of crime increase. This
could occur due to a decrease in expected returns in the legal labor market, an
increase in expected returns to crime, or a shift in preferences.
Using evidence from a variety of tests, I argue that the main channel of peer influence over future crime in residential correctional facilities is the social contagion
of crime-oriented non-cognitive traits. I also argue that persistent network formation is an important mechanism in day treatment facilities (alternative schools
for delinquent youth). I do not find evidence supporting the criminal skill transfer theory, although the lack of evidence may simply be due to low power. The
identification is from within-facility, cohort-level variation in pre-determined peer
characteristics; a battery of tests verify that this source of variation is indeed
as-good-as-random.
Because of the scale of their use in criminal justice policy, this paper focuses
primarily on residential correctional facilities.2 I find that exposure to high risk
peers while incarcerated has a large impact on both future crime and on the development of crime-oriented attitudes and non-cognitive traits. A one standard
deviation increase in the (pre-determined) risk score of the peer cohort leads to
a highly significant 17% increase over the mean in the likelihood of being reincarcerated within a year of release. It also leads to a 0.131 standard deviation
increase in an index of crime-oriented non-cognitive traits. This index measures
characteristics such as aggression, impulsivity and anti-societal attitudes (disrespect for authority, disregard for law, belief in violence, etc.). It also measures
the lack of positive traits such as social skills or consideration for the future.3 If
the influence that peers have over these traits was only fleeting, we would not
expect them to influence behavior after release. But it appears that these effects
are sticky, at least over the medium term. Eight months after release, adolescents
2
An estimated 25% of young African-American male high school drop-outs are incarcerated at any point in time,
and an estimated one in three African-American men will be incarcerated at some point in their lives (Bonczar, 2003;
Warren, 2008).
3
These psychological measures were taken by a counselor after release from the program who has no knowledge
of the peer cohort and thus are unlikely to be biased by either a contrast effect or an assimilation effect.
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who were exposed to peers one standard deviation above the mean risk level still
measure 0.08 standard deviations higher in crime-oriented non-cognitive traits.
I argue that the social contagion of crime-oriented attitudes and non-cognitive
traits is the mechanism which best explains the large impact peers have on future
crime in Florida’s juvenile incarceration facilities.4 Recent years have seen a burgeoning of research demonstrating that non-cognitive skills such as the ability to
postpone gratification negatively predict participation in the ‘illegal labor market’
and positively predict success in the legal one (Bowles et al., 2001; Heckman and
Rubinstein, 2001; Nagin and Pogarsky, 2004; Lee and McCrary, 2005; Heckman et
al., 2006, 2013; Blanden et al., 2007; Moffitt et al., 2011). This provides suggestive
evidence that a shift in the non-cognitive part of human capital could change the
net expected benefit of crime. Yet I argue that the social contagion mechanism
is important in Florida’s residential correctional facility not only because there is
evidence that peers affect crime-oriented attitudes and behaviors, but also because
the detailed, individual-level data allows me to rule out alternative mechanisms
that could be driving the results. Skill transfer does not provide a satisfying explanation, at least when we consider general criminal skills such as how to disable
car alarms or manufacture methamphetamine. The peers that have the most influence during incarceration are not the ones with the most criminal experience
(a reasonable proxy for skill), they are the ones from difficult family backgrounds:
parents in prison, foster placement, abuse.5 The influence of these peers persists
even after controlling for their level of criminal experience.
I also consider persistent network formation as a channel by which peers influence crime, but argue that this is unlikely to be influential in this setting due to the
geographical dispersion of Florida’s residential facilities. After release, teenagers
return to hometowns that are a median of 160 miles apart. Only 10% of the peer
cohort returns to homes that are within 30 miles of one’s own hometown, and it
is not this small group which is driving the effect described above. Most juvenile
crime is local and most of the ways in which networks can be helpful involve local connections. The importance of networks in the legal economy has been well
documented (Munshi, 2003; Calvo-Armengol and Jackson, 2004; Ioannides and
Datcher Loury, 2004; Bloch et al., 2008), and a criminal network provides many
of the same functions: information on job opportunities (what home is easy to
break into), a reduction of information asymmetries (who can be trusted not to
snitch), and social insurance (a pound of marijuana to sell if your supply gets
confiscated). Networks can also serve as a substitute for legal institutions by providing regulatory oversight (who has the right to sell drugs on which street corner)
and contract enforcement (via the threat of violence). There are many reasons
to believe that network connections are hugely important to crime, but the most
important connections will be with people in the local area.
The identification of peer influence in this paper rests on comparing cohorts
4

Social contagion can be a two way street, and indeed I find that girls are highly susceptible to the positive
influences of relatively low risk peers. Boys, however, are mostly impacted in the negative direction, and since 85%
of the youth in my sample are male I focus on this direction of influence.
5
Research by psychologists show that instability and trauma during childhood can have long lasting effects on
emotional development and executive functioning (Felitti et al., 1998; McEwen, 1998; Evans et al., 2012; Evans and
Fuller-Rowell, 2013).
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within a particular facility. With a small enough facility (the median occupancy
in Florida is 40) there will be natural variation in cohorts across time. The identifying assumption is that this cohort-level fluctuation is as-good-as-random – that
the selection process which generates a cohort does not create correlations within
the cohort in the propensity to commit crime. The large degree of geographical
dispersion in Florida’s residential facilities minimizes the risk of such correlations.
Each county sends youths to a median of 62 different residential correctional facilities over the course of a year, and each facility receives youths from a median
of 16 different counties. While the commitment managers (who, along with the
youth’s probation officer, are in charge of facility assignment) take a variety of observable and unobservable factors into consideration when deciding which facility
to place a child into, the peer group present in a facility at a particular point in
time is unlikely to be one of them. The decentralization of the assignment process
implies that the commitment managers simply do not have access to a great deal
of information about the particular cohort in the numerous facilities that they
send kids to.6 Furthermore, the broad geographical base of each facility implies
that any local trends in crime (which may produce similarities in youths who are
caught committing crimes around the same time) are unlikely to lead to clusters
of types within any particular facility.
The ‘as-good-as-random’ assumption generates a testable prediction: that an
adolescent’s own characteristics will be uncorrelated with the characteristics of
his peer group, conditional on facility and time of release.7 I develop a ‘split
sample’ test to generate unbiased estimates of the correlation between own and
peer type despite the negative mechanical correlation issue that complicates identification tests in peer effects studies (Guryan et al., 2009; Angrist, 2013). I fail
to reject the null hypothesis of no correlation, but perhaps more importantly,
this technique generates an upper bound that rules out any but a tiny positive
correlation between the risk level of the youth and that of his peers. I find no
evidence of systematic correlations between the risk score of the peer group and
a variety of covariates. The main results of the paper are robust to the addition of facility-specific quadratic time trends, and do not move around with the
addition and subtraction of covariates. In sum, I find ample evidence that the
within-facility variation in peer characteristics is as-good-as-random, allowing for
a causal interpretation of the effect of peers on crime.
I also propose the use of permutation tests to verify standard errors against
those generated non-parametrically. This addresses concerns about correct coverage rates due to the similarities between peer effects and the many-weak instruments design (Angrist, 2013; Imbens and Rosenbaum, 2005).8
The focus of this paper is on peer effects in residential facilities, however I provide supplementary analysis of peer effects in day treatment facilities (alternative
schools for delinquent youth) to examine whether network formation is a likely
6

All of the commitment managers and probation officers I have interviewed say that they do have little knowledge
of the peer cohort at a particular facility and do not take consider this when making facility assignments.
7
I identify peer effects off of pre-determined characteristics of peers – ‘exogenous effects’ to use the term from
Manski (1993).
8
I find that clustered OLS standard errors are quite similar in size to those estimated non-parametrically, yet the
reasons for why they may not be are compelling (Angrist, 2013). This area merits further research.
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channel of peer influence in a more conducive setting. The day treatment facilities
are entirely local: teenagers live at home while in this program, just like a regular
school, and are exposed to other teenagers from the same area.9 In day treatment
centers, I find that exposure to peers with gang affiliations or a large degree of
criminal experience has a strong impact on criminal activity after release. These
peer characteristics are not, in general, predictive of future crime in the residential
setting, unless we limit our analysis to peers from hometowns within 30 miles of
one’s own hometown. I find that exposure to highly experienced peers from the
same city or region while in a residential facility leads to an increase in crime after
release.
Thus there is evidence of two distinct channels of peer influence. One channel operates through peers from unstable/abusive home lives and leads to both
an increase in crime and an increase in crime-oriented non-cognitive traits. This
channel is not affected by physical proximity after release and persists despite
controlling for criminal experience. The other channel operates through peers
that have a large degree of criminal experience or criminal connections (gang affiliation). These peers are only influential if they come from the same city or
region as one another. The former provides evidence strongly consistent with
social contagion and the latter is strongly consistent with criminal network formation. The detangling of mechanisms of peer influence on crime is one of the
main contributions of this paper.
The second main contribution is the finding that peers influences the development of attitudes and non-cognitive traits in a way that has meaningful real
world impact. Although this finding corresponds strongly with folk wisdom, quasiexperimental evidence of this is sparse. Given the difficulty of finding a plausibly
exogenous source of peer variation, credible measures of non-cognitive outcomes,
and a setting that provides intense enough peer interaction that deep-rooted habits
of behavior and thought could reasonably be expected to shift, the lack of empirical research in this area is not surprising. Lerman (2013) uses a regression
discontinuity design to show that placement in a higher security prison leads to
an increase in ‘criminal cognitions’ and ‘criminal psychology’ as well as in future
crime, either due to peer effects, differences in rehabilitative programming or access to the community. Muhlenweg et al. (2012) exploit a discontinuity in age at
school entry and finds that being one of the youngest people in the class leads to
lower persistence, increased hyperactivity and increased irritability, due either to
peer effects or to being required to do coursework that is beyond one’s development al level. This paper builds on this research by showing a direct causal link
between peers and persistent non-cognitive outcomes.
In section 2 I discuss the data, assignment to facilities, descriptive statistics,
and the construction of the peer measures. Section 3 goes into deeper discussion
of the three potential mechanisms of peer influence as well as the methods by
which I test for them. Section 4 provides a battery of tests of my identifying
assumptions and section 5 presents the main results: six tables which, taken
9

Since the identification strategy in this setting is not able to take advantage of geographical dispersion I include facility specific time trends in my main specification. The identification tests support the as-good-as-random
assumption.
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together, show evidence of social contagion in residential facilities and persistent
network formation in day treatment facilities. Section 6.1 shows that the main
results are robust to the inclusion or exclusion of various covariates as well as
facility-specific time trends; section 6.2 verifies the standard errors against those
estimated non-parametrically via permutation.
Section 7 departs from the linear-in-means functional form assumption and
flexibly analyzes the influence of peer risk level on both felony conviction and
crime-oriented attitudes and non-cognitive traits. I find that across the entire
sample the relationship between peer risk and recidivism is approximately linear
and monotonically increasing, however when divided by gender the non-linearities
in influence become apparent. While both boys and girls are influenced by the
risk level of their peers, boys are more vulnerable to the ‘bad influences’ of high
risk outliers while girls are more susceptible to the ‘good influences’ of relatively
low risk peers. Section 8 concludes with a discussion of policy implications.

2 Data, descriptive statistics, assignment to facilities, and
peer measure construction
2.1

Data

The data used in this paper is administrative data that includes all youths released from any Florida Department of Juvenile Justice (FDJJ) program between
July 1, 2006 and June 30, 2011. It comes from four different sources. The primary source is from the Juvenile Justice Information System (JJIS) which is the
central administrative databank for the FDJJ. This provides criminal history, basic demographics, sanctions, and recidivism data. Recidivism data is also drawn
from the Florida Department of Law Enforcement and the Florida Department of
Corrections. These two data sources provide information on adult arrests, convictions and sanctions for all youths who turn 18 within a year of their release from
a FDJJ program, as well as youths under 18 who are tried as an adult.
The final source of data used in this paper is the Community Positive Achievement Change Tool or C-PACT, which went into effect statewide in July of 2007.
This tool is comprised of 126 multiple choice questions organized in 12 different domains: criminal history, gender, success in school, use of free time, work
experience, relationships, family life, drug and alcohol use, mental health, attitudes/behaviors, aggression and social/emotional skills. There is also a shorter
version (known as a ‘pre-screen’) of this same examination which consists of key
questions in most of the domains. The full C-PACT examination is shown in the
online appendix, section A. The questions which are highlighted are also found
on the pre-screen evaluation.
The C-PACT information is gathered partly from criminal history records held
in the JJIS system, partly from a structured interview with the youths and partly
from first hand knowledge that the youths’ Juvenile Probation Officer (JPO)
has of the adolescent’s home, social and school life. The C-PACT assessments
help the FDJJ to evaluate both the progress of each individual youth as well as
evaluate program success in various domains. A C-PACT examination is taken
7

immediately upon intake (arrest or referral), once every couple of months while
on probation, and immediately before entering the residential facility.
I have the data from the C-PACT examination taken immediately prior to entry
into the facility for all youths from July 2007-2011. Among the youths that I have
C-PACT information for, 80% of them have undergone the full examination and
20% have only the shortened version. I also have two full post-release C-PACT
examinations for the youths in residential treatment facilities. The first postrelease examination was taken an average of ten days after release; all were taken
within three months of release. I have this examination for 68% of the youths in
my sample; this group consists of youths who were released onto probation and
whose probation officers correctly followed the guidelines of administering a CPACT immediately upon release. The second post-release C-PACT examination is
taken an average of 8 months after release. I have this data for 57% of the youths.
This group consists of adolescents who stayed on probation for at least three
months and had a C-PACT administered some time after the third month. While
the gap between release and this second C-PACT examination varies, the average
is 8 months with about 75% falling between 5 and 11 months. Since the C-PACT
examination is administered in the home town by a counselor who is unlikely
to have knowledge of the peer cohort (due to the large degree of geographical
dispersion in residential facilities) there should not be concerns about contrast
effects biasing the non-cognitive outcomes.
The C-PACT examination assigns each youth a life-risk score and a criminal
history score as a way of evaluating their risk-to-reoffend.10 The criminal history
score measures both the number and seriousness of previous crimes, the age at
first offense, previous periods of incarceration, and the record of compliance with
previous court orders. The questions that are used to build the criminal history
score can be found in domain one of the C-PACT evaluation shown in the online
appendix, section A.
The life-risk score, sometimes referred to in this paper as simply the risk score,
describes the extent to which a teenager’s life circumstances put him/her at risk
of criminal behavior. The questions which are used to build the life-risk score
are indicated by an arrow on the left hand side of the C-PACT document in the
online appendix, section A. The indicators used to build the life-risk score falls
generally into five categories: unstable home lives, history of abuse or trauma,
drug and alcohol usage, gang affiliation and problems at school. I’ve built separate
measures for these five life-risk factors in order to facilitate more detailed analysis.
The unstable home life measure includes things such as parental imprisonment,
foster care placement, a history of running away or being kicked out of home,
parents with chronic unemployment or physical/mental health problems and other
issues having to do with (non-abuse related) family difficulties. The abuse/trauma
measure looks at both physical and sexual abuse, or, more generally, a history of
trauma. The drug and alcohol category looks at substance abuse and the gang
affiliation category measures whether or not the adolescent is affiliated with gang
members. The school problems category looks at behavioral problems in school,
10

Florida uses the term ‘social history’ instead of life-risk, but as this phrase is not very meaningful I will use the
term life-risk, or simply risk, in this paper.
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poor grades, and truancy. More details on these life-risk factors can be found in
the online appendix, section B.
All of the questions that are used to compile the life-risk score and the criminal
history score occur on both the full examination and the pre-screen examination,
but only the full version contains the psychological domains – attitudes, behaviors,
aggression, non-cognitive skills. The person administering the C-PACT evaluation
does not know how the life risk or criminal history score is calculated, making it
difficult to manipulate.
There are three domains in the full-screen C-PACT that measure psychological
traits: domains 10, 11 and 12. Domain 10 measures attitudes and behaviors,
domain 11 measures aggression and domain 12 measures social and emotional
skills. Each of these domains are associated with two scores: a risky score which
puts a heavier weight on crime-oriented behaviors and a protective score which
puts a heavier weight on healthy behaviors. Using these six domain scores I
calculate two indices, an index of crime-oriented non-cognitive traits and an index
of healthy non-cognitive traits. The crime-oriented non-cognitive index is the
average of each of the (normalized) risky domain scores; the protective index is
calculated similarly.
Most of the psychological questions in the C-PACT fall in one of five categories: aggression, impulsivity/emotional control, anti-societal attitudes, social
skills, and consideration for the future. I have compiled the questions into these
five categories and built measures for each. The aggression category includes all
questions having to do with anger, physical or verbal violence, or belief in the
necessity of aggression. The impulsivity measure includes all questions having to
do with the inability to control impulses or emotional urges. The anti-societal
attitudes measure includes lack of respect for the property of others or for authority figures, the belief that the rules of society do not apply to him or her, and
belief in the necessity of physical or verbal aggression. The social skills measure
includes all questions that examine the ability to get along well with or relate to
others. The consideration for the future category measures optimism about the
future, consideration of the consequences of actions as well as the ability to plan
and enact goals. More details on the construction of these measures is provided
in the online appendix, section C.
I have dropped all facilities that have less than 50 observations and I have
dropped the first year of data since I do not have the C-PACT information for that
year. I use the full four years from July 1, 2007 – June 30, 2011 in calculating the
peer measures. However the peer measures for those adolescents that are released
close to the beginning or end of my sample are measured with error. This is
because I do not see the C-PACT information for members of their cohort who
were released prior to July 1, 2007 or after June 30, 2011. For this reason I drop
the first and the last nine months of observations in my final analysis, leaving a 2.5
year sample of youths who were released after April 1, 2008 and before September
31, 2010. The final sample of youth in residential treatment facilities includes
12,695 adolescents and 116 different facilities. The final sample of youth in day
treatment facilities includes 3,306 adolescents and 28 different facilities.
Additional data details can be found in the online appendix, section D.
9

2.2

Descriptive statistics

This section shows a variety of descriptive statistics which, unless otherwise
specified, are from the sample of youths in residential incarceration facilities.11
Panel A of table 2 shows shows some examples of the information that is used to
build the life-risk score, with average answers shown by gender. Many of these
teenagers have lived very difficult lives: 45% have had a parent incarcerated, 42%
have run away or been kicked out of their home at some point, and 29% of the
girls have been sexually assaulted. Panel B of table 2 shows data points that
go into the building of the criminal history score, again divided by gender. The
most serious prior offense for most of them was either assault or burglary and
by the time of incarceration they have an average of five previous felonies and
five previous misdemeanors. Panel C shows summary statistics for some of the
behavioral, attitudinal and non-cognitive traits that are used to calculate the noncognitive scores. Many of these teenagers show low hope or aspiration, high levels
of impulsivity and no/unrealistic life goals. Interestingly girls say that it is ‘often’
appropriate to use physical or verbal aggression more often than boys. Perhaps,
given the high rates of abuse in these girl’s backgrounds, this is not surprising.
Table 3 shows summary statistics by facility type (residential versus day treatment). This includes basic demographic information, risk and criminal history
score, recidivism rates, and a few of the criminal experience covariates. The adolescents in the residential facilities have higher average life-risk and criminal history scores as well as higher rates of recidivism: 60% (50%) of the residential (day)
sample is rearrested within the year after release, 43% (34%) convicted, and 21%
(15%) re-incarcerated. Approximately 14% (23%) of the residential (day) sample
is female, and approximately 55% of both samples are African American.
Figure 3a plots the risk score against the criminal history score, and figure
3b plots the life-risk score against the index of crime-oriented attitudes and noncognitive traits. All three of these measures come from the examination taken
immediately before admission into the incarceration facility. We see a positive
but small relationship between the life-risk score and the criminal history score,
emphasizing the differences between what these two indices are measuring. We
see a strong positive relationship between the youths life-risk score and the crimeoriented non-cognitive traits.
Figure 2a compares one year re-incarceration rates for those who score above/below
the median in their gender for measures of aggression, anti-societal attitudes, impulsivity, social skills and consideration for the future. We see that aggression,
impulsivity and anti-societal attitudes positively predict recidivism, while social
skills and consideration for the future negatively predict recidivism. Figure 2b
compares one year re-incarceration rates for those who are above/below the median in their life-risk score, criminal history score, the crime-oriented non-cognitive
measures taken both immediately before entry and immediately after release from
the facility, and, for frame of reference, by total number of prior felonies. We see
that all of these measures positively predict recidivism. These results are shown
11

Since the focus of this paper is on peer effects in residential correctional facilities I do not show the more detailed
summary statistics for the day facility youths. In general, however, the day facilities youths exhibit somewhat less
risk life-traits, are less criminally experienced, and show less crime-oriented non-cognitive skills.
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more formally in table 4. Panel A of table 4 shows the results of a regression of
the five dependent variables (dummies indicating arrest, felony arrest, conviction,
felony conviction and re-incarceration within a year of release) on the life-risk
score and the criminal history score, controlling for demographics, facility fixed
effects and time-of-release fixed effects. Panel B also includes the crime-oriented
non-cognitive indices taken immediately before entry and immediately after release from the incarceration facility. Both the life-risk score, the criminal history
score, and the two non-cognitive measures have been normalized. The sample is
from the residential facilities; results are similar in day treatment facilities. As
can be seen from table 4, the criminal history score is the strongest predictor of
recidivism, although the non-cognitive measures taken immediately after release
from the facility also predict recidivism very well.
Figure 2c compares the scores on the crime-oriented non-cognitive measure
(taken immediately before entry) for those who scored above/below the median
for their gender on the five different factors that make up the life-risk score:
unstable family lives, a history of abuse or trauma, problems at school, drug or
alcohol abuse, and gang affiliation. The crime-oriented non-cognitive measure has
been normalized. All five of these life-risk factors positively predict a high score on
the crime-oriented non-cognitive measures, and, with a difference of between .25
and .4 standard deviations between the means of the two groups, the correlation
is quite sizable.
The data presented in this section sketches a picture of the adolescents in
Florida’s juvenile incarceration system. Many have experienced quite difficult life
circumstances, and the difficulty of their life circumstances – foster care placement, incarcerated parents, physical and sexual abuse – is strongly correlated
with difficulties in areas such as impulse control, channeling frustration in nonaggressive ways, building healthy relationships with others and planning for the
future. These non-cognitive difficulties are in turn a strong predictor of future
crime.
2.3

Assignment to facilities

The decision to place an adolescent on probation, in a day treatment facility, or
in a residential facility can occur in a variety of ways. Assuming that the charges
are not dropped during arraignment or beforehand, the youth will go to trial.
During the trial, the decision to place a teenager in a residential incarceration
facility may be made through the negotiating process between the defense and
the prosecution. If plea negotiation does not occur and the teenager is found
guilty, the judge will request a pre-disposition report (PDR) from the youth’s
probation officer. The PDR will advise whether the youth should be placed in a
residential facility, a day facility, or on probation.
Once it has been determined that the youth is going to be placed in a residential facility, he is assigned a commitment manager, an employee of the FDJJ.
The commitment manager, in consultation with the youth’s probation officer and
sometimes his family, decides which facility to place the youth in. Special needs
such as substance abuse counseling, mental health care and sex offender treat-
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ment are taken into account. Distance from home is another factor; commitment
managers generally try to keep the youths close enough to their home that parents
will be able to visit. The security level that the adolescent is assigned to (low,
moderate, high or maximum) depends on the seriousness of previous crimes as
well as their records of compliance. Co-offenders are intentionally separated.
While the commitment managers take a variety of observable and unobservable
factors into consideration when deciding which facility to place a child into, the
peer group present in a facility at a particular point in time is unlikely to be
one of them. Each county sends youths to a median of 62 different residential
correctional facilities over the course of a year, and each facility receives youths
from a median of 16 different counties. The decentralization of the assignment
process implies that the commitment managers simply do not have access to a
great deal of information about the particular cohort in the numerous facilities
that they send kids to.
Figure 3 shows the distribution of the life-risk and criminal history score across
the security level of the incarceration facility. As can be seen from the graph, the
life-risk score is fairly evenly distributed across the different types of security, while
the distribution of criminal history shifts to the right as the security level of the
facility increases. As was stated in interviews with DJJ staff, the criminal history
score plays a much stronger role in facility assignment than does the life-risk score.
2.4

Building the peer measures

The two peer measures that I use in the main analysis are built using a weighted
average of the risk or criminal history score of the peer cohort, where the weights
are the number of days that the two youths’ sentences overlap. The calculation
of the peer measures is defined in equation 1, where peerSCOREi is the average
peer risk/criminal history score of person i, di,k is the number of days that person
i’s sentence overlaps with person k within the same facility, and ownSCOREk is
the risk/criminal history score of person k.
P
k6=i di,k ∗ ownSCOREk
P
peerSCOREi =
(1)
k6=i di,k
There is no reason to assume that it is the average level of peer risk or peer
criminal history that really matters. It is quite possible that the influence of
different peer types is non-linear or that only some types are important. However
without a strong a priori reason to believe that only some types matter or that
the relationship between peer types and outcomes is nonlinear in a way that
would make the average effect misleading, exploring the influence of the average
peer scores seems like a good place to start. I explore different functional forms
in section 7 and find a generally linear relationship between peer risk level and
recidivism across the whole sample.
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3

Mechanisms of peer influence

The goal of this paper is not only to demonstrate that peer effects exist in the
juvenile incarceration system, but to advance our knowledge about which mechanisms of peer influence are important. I narrow my focus to three (non-mutually
exclusive) mechanisms: the formation of criminal networks which persist after
release, the transfer of criminal skills, and the social contagion of behaviors, attitudes and non-cognitive skills. This section describes these three mechanisms
as well as the methods of testing for them. These tests as well as the results are
summarized in table 1 at the end of this section.

3.1

Criminal Skill Transfer

The theoretical model which underpins this mechanism of peer influence is the
classic Mincer model, in which labor market returns increase with an increase in
acquired skill (Mincer, 1974). Whereas the skills necessary for employment in
the legal economy are generally acquired through school or through job training
programs, no such equivalent exists in the illegal economy. Skills are likely gained
through experience or through transfer between individuals. Thus the criminal
skill transfer theory is based on the idea that correctional facilities can act as
a ‘school of crime’: an informal clearing house for illicit know-how. With lots
of time and little to do, inmates may share expertise in areas like disabling car
alarms, fencing stolen computers or manufacturing methamphetamine.
While I don’t have a direct measure of criminal skill, I am able to measure
criminal experience. Under the relatively mild assumption that greater experience
leads to greater skill, evidence that exposure to highly experienced peers increases
crime would support the skill transfer hypothesis.12
There is no reason to assume that distance between the home towns should
matter for this mechanism. Thus skill transfer is at least as likely in residential
facilities as it is in day facilities.13
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We don’t see actual criminal experience but rather the crimes for which the youth has been caught. However the
probability of getting caught increases with number of crimes committed. I assume in this paper that the criminal
history score is an imperfect but still useful measure of a teenager’s actual criminal experience.
13
Bayer et al. (2009) looks at whether exposure to peers with experience in a particular type of crime makes
someone more likely to commit that crime after release. If I was able to replicate their findings in residential
facilities, where the constraints on physical interaction after release make persistent network formation an unlikely
channel of influence, this could constitute evidence in favor of criminal skill transfer. However I don’t have the data
to perform a full replication of their results; I know only the most serious crime from the past and the most serious
crime that gets committed in the year after release. This introduces measurement error in both the dependent and
independent variable, particularly for the less serious crimes. I perform a partial replication, restricting attention to
the most serious crimes, and find that exposure to peers with a history of sex offense, assault and weapons offense
increase the likelihood of committing those same crimes after release. There is no evidence of a peer effect in robbery.
As these three crimes are not generally considered skill-intensive activities, these results are difficult to interpret.
Results are in the online appendix, section E.
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3.2

Persistent Network Formation

The ways in which an expanded network can increase the returns to crime are
very similar to the ways in which a network is beneficial in the legal economy:
transmitting information about opportunities, reducing information asymmetries
via personal references, connecting buyers with sellers, providing informal insurance, accelerating technology uptake, etc. (For an overview see Jackson (2011).)
More specifically, a criminal network can increase the pool of potential accomplices, provide information about illicit ‘job opportunities’, facilitate the liquidation of stolen goods, ensure contract enforcement via the threat of retaliation,
identify those who can be trusted, provide informal loans, enable ‘on the job’
learning, etc. While networks are important for all forms of economic activity,
they are arguably even more important in the illicit economy. Due to the covert
nature of this type of work and the high levels of risk involved, personal trust is
crucial and information travels primarily by word of mouth.
This mechanism posits that incarceration can foster the formation of network
connections which may prove valuable after release - much like business school,
or an elite prep school. However, for the connections to be valuable after release,
they need to be relevant to that particular criminal market. Most adolescent crime
is highly local – few teenagers have criminal operations that are sophisticated
enough to span across the state – thus the connections that are likely to really
matter in terms of increased criminal behavior are those with others from the
same locality. There is a high degree of geographical dispersion in residential
correctional facilities in the state of Florida – the average distance between home
towns of two adolescents who are incarcerated together is 160 miles. Only about
10% of adolescents return to home towns that are within 30 miles of one another.
Day facilities, on the other hand, are entirely local. The teenagers all live near
to one another. Therefore we would expect network formation to be much more
relevant in day treatment facilities. If the network formation mechanism showed
up at all in residential facilities it would likely operate through the small group
of peers who return to neighboring home towns after release.
The peers that would be important in the network formation hypothesis are
peers who are likely to commit crime after release, or peers who have lots of
criminal connections themselves. Criminal history is the best predictor of future
criminal behavior (see table 4), thus testing for influence of peer criminal history
on crime is one method of gathering evidence on the network formation hypothesis. Exposure to peers with gang affiliations (a part of the life-risk score) is
another such method, as exposure to these well connected peers could lead to a
broader range of connections after release.

3.3

Social Contagion of Attitudes, Behaviors and Non-cognitive Traits

The last decade or so has seen a growth of research positing the importance
of non-cognitive skills in the labor market. While this branch of research is much
younger than that on networks or cognitive skills, there is growing evidence that a
wide variety of traits such as persistence, enthusiasm, patience, social skills and the
14

ability to postpone gratification are strong positive predictors of both educational
and labor market success (Bowles et al., 2001; Heckman and Rubinstein, 2001;
Heckman et al., 2006, 2013; Blanden et al., 2007). Many of these traits also
negatively predict criminal activity (Nagin and Pogarsky, 2004; Lee and McCrary,
2005; Heckman et al., 2013; Moffitt et al., 2011). Different non-cognitive skills may
be important for different types of tasks. While marketing relies heavily on social
skills, success in academia may rely more on the ability to postpone gratification.
Thus, although some overlap is expected, the non-cognitive traits that lead to
success in crime may be different than the non-cognitive traits that lead to success
in the legal labor market. If experiences had during incarceration lead to a shift
in non-cognitive traits either away from those that are valued in the legal sector,
towards those that are of value in criminal activity, or both, then we would expect
to see an increase in crime after release. Aggression and impulsivity positively
predict criminal behavior; these traits are not generally considered skills in the
legal economy but it’s possible that they are valuable traits for certain types of
crime.
There are several potential ways that peers can influence non-cognitive skill
formation. First, peers may influence the development of these skills directly
through social learning. The development of anger management, for example,
rests on a variety of tricks such as counting to ten before responding, or consciously
re-formulating the interpretation of the other person’s action. These techniques
can be learnt from others. Conversely, if a teenager lacks role models for these
skills, they lack the opportunity to learn. Beliefs may also play a role in the
development of non-cognitive traits, and these beliefs may be influenced by peers.
If you believe that the returns to effort are low (that you won’t get a good job
no matter how much you study) then what’s the point in learning to postpone
gratification? The actions of peers may influence expectations as well: if you learn
to expect bullying from others, you may choose to develop an aggressive attitude
as a method of pre-emptive safety. Finally, peers may influence the development
of non-cognitive traits via social norms. Exposure to a culture which glorifies
tough, ‘gangster’ behavior may normalize certain actions which previously carried
a stigma (drugs, violence), lowering the psychic costs to aggression and increasing
the tolerance for risk.
It is a folk wisdom trope that teenagers are very susceptible to peer influences.
Nonetheless, shifting rooted habits of behavior and thought is likely to take a
fairly intensive social experience. For this reason the social contagion channel of
influence is likely to show up more strongly in residential facilities, where teenagers
spend 24 hours a day together isolated from the rest of the world, than day treatment facilities, where they spend the schooldays together but then return to their
friends and families. As seen in figure 3, variation in risky behaviors, attitudes
and skills is strongly correlated with the life-risk score, implying that influence of
peers with a high life risk score could be interpreted as evidence in support of this
mechanism.14 We can also can test directly whether peers influence non-cognitive
14

I also test directly whether exposure to peers with high levels of crime-oriented non-cognitive traits influence
both crime and non-cognitive outcomes. I find that it does. However I focus on the influence of peers with a high
life-risk score partly because this instrument is important in Florida’s policy and similar to an instrument used in
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traits, using the non-cognitive measures taken immediately after release from the
facility as outcome variables.
The intuitions presented in this section – how institutional setting, various peer
characteristics, distance between home towns, and non-cognitive outcomes can be
used to test for the three mechanisms of peer influence – are summarized in table
1. While no single test is very illuminating on it’s own, taken comprehensively the
tests can provide strong suggestive evidence about the different mechanisms. Distinguishing the mechanism behind an effect is based on both positive and negative
evidence: a strong argument can be made for the existence of a particular mechanism if there is both positive evidence supporting it, and when other mechanisms
can be effectively ruled out.
Table 1: A summary of methods by which to test for the different peer mechanisms
Tests

Potential mechanisms of peer influence
Network Formation

Residential facilities:
peer risk increases crime?
Residential facilities:
peer CH increases crime?
Day facilities: peer
risk increases crime?
Day facilities: peer
CH increases crime?
Peers increase crimeoriented non-cogs?
Day facilities: peers in
gangs increase crime?
Residential: peer effects
increase with proximity?

Skill Transfer

Non-cognitive
XX

X
X

X

XX

XX
XX

XX
XX

Note: This table summarizes a variety of methods of testing for the different mechanisms of peer influence.
CH means criminal history. An X indicates that a positive answer to the test described in the left hand
column is evidence in support of the hypothesis listed in the top row. The lack of the X does not mean
that a positive answer to the test is inconsistent with that hypothesis, it simply means that that evidence
is better explained by a different hypothesis. A checkmark indicates that the effect was found in the data.

4

Identification tests

A common approach in the peer literature, when randomized assignment is
not possible, is to identify peer influence using the ‘natural’ variation that arises
across cohorts within a particular institution (Hoxby and Weingarth, 2005; Bayer
et al., 2009; Carrell and Hoekstra, 2010). This is the approach I use in this paper.
Assignment to juvenile incarceration facilities is not random in Florida. Each
facility in the sample is associated with a pool of youth with a certain distribuseveral other states, but also because I don’t have the non-cognitive measures for my entire sample.
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tion of characteristics, and these distributions are likely to differ across facilities.
However within each facility there is plausibly exogenous variation as youths from
that facility’s population of potential inmates enter, serve their sentence, and
leave. Among reasonably small groups, this ‘naturally caused’ variation may be
enough to identify peer influences. The pivotal assumption is that conditional
on facility and time-of-release fixed effects, variation in peer characteristics is
as-good-as-random.
A stylized summarization of the research strategy involves comparing two apparently identical teenagers in the same facility, one who is locked up in March and
the other who is locked up in October. Due to natural variation among the population, the March cohort may be quite different from the October cohort. If being
placed in the facility during March as opposed to October is as-good-as-random,
then differences in the outcomes of these two teenagers can yield information
about the causal impact of peers.
The most obvious potential confound to this research design involves trends
in crime or crime-related factors across time. If there is a crime wave in October, then the October teenager may not be a good counterfactual to the March
teenager – both the October cohort as well as the October teenager may be
higher risk, making it difficult to distinguish between peer effects and personal
pre-disposition. The inclusion of fixed effects for quarter-by-year of release will
take care of statewide crime trends, but if there are trends on a regional level then
a confound between own and peer characteristics may still remain. The first part
of this section tests for the existence of facility-level time trends in the life-risk
level and criminal experience of the teenagers. I find some evidence of facilitylevel time trends in the types of youths being admitted to day treatment facilities,
but none at the residential facilities. This is not very surprising: day treatment
facilities are entirely local so their composition will reflect regional trends much
more strongly than residential facilities. Due to this, I place a weaker conditional
exogeneity assumption on the day treatment facilities than on the residential facilities: I assume only that peer variation is as-good-as-random conditional on
facility, time-of-release, and a facility-specific linear trend across time.
The second and third parts of this section test a key implication of the conditional exogeneity assumption: that the variation in peer characteristics that
remains after the fixed effects (and the facility-specific time trends in the case
of day facilities) have been accounted for is uncorrelated with each person’s own
characteristics. The second part of this section tests for correlations between a
teenager’s own risk (criminal history) score and the risk (criminal history) score of
his peers. The third part of this section tests for correlations between a teenager’s
covariates and the risk (criminal history) score of his peers. I find no evidence
of any systematic correlations between the characteristics of a teenager and that
of his peer cohort after conditioning on facility and time-of-release, as would be
expected if assignment to peer group is truly as-good-as-random.
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4.1

Testing for facility-specific trends

This section tests for evidence of facility-specific time trends in the life-risk and
criminal history scores of adolescents during the period of my analysis. Evidence
of such trends implies the need for a weaker conditional exogeneity assumption,
and the inclusion of facility-specific time trends in the main regression in order to
eliminate any correlation between own and peer types.
I look for facility-specific trends using the regression shown in equation 2, using
two different tests on β. The variable scoreijt is the risk/criminal history score of
person i in facility j who is released in time period t15 , λj are facility fixed effects,
ηt are fixed effects for the quarter-by-year of release, and timeijt is the exact date
of release for person i interacted with facility dummies µj . The first test is an
F test for joint significance at the 10% level on β. The second test uses a false
discovery rate procedure (Benjamini and Hochberg, 1995) to see if any coefficient
in the β vector is rejected when the p-values are adjusted to control for a 10%
false discovery rate.
ownSCOREijt = λj + ηt + timeijt ∗ µj ∗ β + ijt

(2)

Results are shown in panel A of table 5, where the first row shows the F
statistic for a test of joint significance on β, the second row shows the probability
of seeing a statistic greater than or equal to F under the null, the third row shows
the number of facilities (number of individual β coefficients) with FDR adjusted
p values less than 0.10, and the fourth row shows the smallest FDR adjusted p
value. The first and second column shows the results for the risk and criminal
history score in the residential treatment facilities and the final two columns show
the results for day treatment facilities.
As can be seen in panel A of table 5, there is no evidence of facility-level drift
in risk or criminal history score within residential facilities. However there is
some evidence of local time trends in the day treatment facilities. Thus in my
main specifications (section 5) my identification assumption is somewhat weaker
in day treatment facilities than in residential facilities: I assume that variation in
peer cohorts is exogenous conditional on facility and time-of-release fixed effects
as well as facility-specific linear time trends.16 Although the main specification
for residential facilities does not include facility-specific time trends, a robustness
check shown in table 13 and discussed in section 6.1 shows that the main results
remain statistically significant even after the inclusion of quadratic time-trends at
the facility level.
4.2

Testing for correlations between peer type and own type

In most circumstances random assignment implies that the dependent variable
that has been randomized is orthogonal to the covariates. When the dependent
variable is a peer trait this is not the case; random assignment implies an expected
15

The score is the one given to the child immediately before entering the facility, same as is used to calculate the
peer measures.
16
I have also tested for evidence of quadratic time trends in both types of facilities but do not find any evidence
for these.
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negative correlation between a person’s own trait and the average trait of her
peers. Guryan et al. (2009) explains intuitively that this has to do with selection
without replacement. In any finite population sample, a person with a higher type
will be selecting peers from an urn that has a lower average type than a low type
person. In a two person sample, the person with the higher type is guaranteed
to have the lower type peer and vice versa. Angrist (2013) provides an analytic
demonstration of this mechanical negative correlation. As is clear from both the
intuitive explanation and the analytical proof, the problem stems from the fact
that a person’s own type shows up in the average peer type of his group.
This negative mechanical correlation complicates identification tests as it can
obscure positive correlation between own and peer types.17 I present here a
method of testing for correlations between own and peer type that does not suffer
from a negative mechanical correlation under random assignment. The steps of
this method are as follows:
1. Randomly split the sample into two groups, a ‘peer’ group and an ‘analysis’
group.
2. Calculate the average peer score only for the people in the ‘analysis’ group,
and only using people in the ‘peer’ group. Thus the person’s own score will
not show up in the peer score of others.
3. Run the regression specified in equation 3, collecting both the coefficient β̂
and its standard deviation σˆβ .
ˆ
4. Repeat steps 1-3 many times and compute β̂ as the average of the set of β̂’s
and σˆˆβ as the average of the set of σˆβ ’s.

peerSCOREijt = α + ownSCOREijt β + λj + ηt + I[day](timeijt ∗ µj ) + ijt (3)
In equation 3, peerSCOREijt refers to the average peer risk/criminal history
score of person i in facility j who is released in time period t, and all other variables
are as described above. Facility-level time trends are included for day-treatment
facilities. Panel B from table 5 shows the results of the split sample test. The top
ˆ
row shows the average β̂ (β̂) after ten thousand repetitions, and row two shows
the average standard deviation σˆˆβ after 10,000 repetitions. A t-test for these
estimated parameters would fail to reject the null at any level smaller than 0.19.
The magnitude of the potential correlation is at least as important is it’s statistical significance: if we cannot rule out a sizable positive correlation between
the peer and own scores then the conditional exogeneity assumption is on weak
ground. Row three of panel B shows the upper bound for a 95% confidence interval on β using the estimated coefficients, row four shows the standard deviation
for the risk/criminal history scores and row five shows the standard deviation
for the peer risk/peer criminal history scores.18 As can be seen, even the upper
17

Guryan et al. (2009) propose a method to correct for this negative mechanical correlation; in my simulations I
find that this technique is low power and biased towards zero.
18
I did not standardize these since each split of the data set would result in a slightly different scaling, making it
difficult to compare the β coefficients.
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bounds of the β coefficients are tiny in magnitude, compared to the magnitudes
of the independent and dependent variables. The upper bound of the 95% confidence interval implies that a one standard deviation increase in a person’s own
score predicts a 0.01-0.03 standard deviation increase in average score of their
peer cohort, making a confound between own and peer types an unlikely concern.
4.3

Testing for correlations between peer measures and covariates

The previous subsection showed no evidence of a correlation between the peer
risk/criminal history score and the person’s own risk/criminal history score, however the conditional exogeneity assumptions also imply that there should be no
correlation between the peer risk/criminal history score and the other covariates.
This section tests that prediction. I do so by regressing the covariates on the peer
measures, controlling for facility and time-of-release fixed effects (as well as the
facility-specific time trends in day treatment facilities). I also control for own liferisk score when the independent variable is the average life-risk score of the peers,
and for own criminal history score when the independent variable is the average
criminal history score of peers. I control for own scores because of the negative
mechanical correlation issue described above; omitting these controls implies the
negative mechanical correlation would surface among other correlated covariates.
This could potentially cancel out or obscure meaningful positive correlations between the peer scores and the covariates that predict recidivism. By controlling
for own score the power to detect any potentially problematic positive correlations
is increased.19
I regress the covariates on the peer scores and the controls as shown in equation
4. The coefficients β0 from these covariates are shown in table 6. Panels A and
C show results for peer risk in residential and day facilities respectively, panels B
and D show results for peer criminal history in residential and day facilities. The
dependent variables listed in the first column are the risk score (if the independent
variable is peer criminal history) or the criminal history score (if the independent
variable is peer life-risk). The other dependent variables, listed in the columns
from left to right, are total number of previous felonies and misdemeanors, as well
as dummies indicating whether the worst previous offense was a violent felony or
a property felony, dummies indicating that the youth is African American, the
youth is Hispanic, and the age at entry, measured in years.20
Covijt = α + peerSCOREijt β0 + ownSCOREijt β1
+ λj + ηt + I[day](timeijt ∗ µj ) + ijt
19

(4)

We are primarily concerned that the life-risk score and the criminal history score of peers may be positively
correlated with the covariates that positively predict recidivism, implying that the youths that have riskier/more
criminally experienced peers have a higher pre-disposition for crime. Since the covariates that positively predict
recidivism are generally positively correlated with the life risk and the criminal history score, omitting controls for
these scores means that the negative mechanical correlation would be captured in the coefficient on the peer scores,
making it more difficult to detect a problematic positive correlation.
20
These are the majority of the covariates used in the main specification. Those omitted are gender (residential
facilities are gender-segregated), dummies indicating that the most serious prior offense was either a misdemeanor,
a non-criminal violation (such as truancy), or no previous offense, and an index that measures the number of and
seriousness of previous crimes (a precursor to the criminal history score).
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Among the 32 different tests, we see three that are significant at the 10% level,
and one is significant at the 5% level. This around what we would expect to see
under random assignment. Furthermore, a joint test of significance in which the
peer score is the left hand side variable and all the covariates are on the right
easily fails to reject in all four specifications (results not shown). A robustness
check shown in section 6.1 shows that the addition of these covariates increases
precision but does not change the magnitude of the coefficient.
The various tests of the identifying assumptions presented here help to ease
concerns about potential omitted variable bias. While there is always the possibility that there is some unobserved variable that is correlated both with peer
characteristics and with recidivism, it is hard to think of one that would not also
be correlated with the other covariates.

5

Main results

This section presents six tables which, taken together, provide evidence that 1)
variation in peer exposure in juvenile corrections has a large effect on recidivism,
2) the most important mechanism of peer influence in the residential setting is
likely to be through a shift in behaviors, attitudes and non-cognitive skills, and
3) the most important mechanism of peer influence in day treatment facilities
appears to be criminal network formation.
I begin by examining the influence of the two peer typologies (life-risk and
criminal history) on recidivism in both the residential and day facilities. The
main regression used in residential facilities is shown in equation 5 and that used
in day facilities is shown in equation 6. In these equations, Yijt stands for five
different recidivism measures, all of which are dummies, indicating whether or not
person i is arrested, convicted, arrested for a felony, convicted of a felony, or placed
back in a juvenile or adult prison within a year after release.21 peerSCOREijt
is the average peer risk/criminal history measure as defined in equation 1 for
person i who is in facility j and is released in time period t. λj are fixed effect
dummies for facility, ηt are indicators for which quarter-by-year the youth is release
in, and covariates Xijt include race, gender, ethnicity, age at release, risk score,
criminal history score, total number of prior felony charges, total number of prior
misdemeanor charges, an index that weighs the seriousness of prior charges and
dummies for the category of most serious charge (violent felony, property felony,
other felony and misdemeanor). In the residential facilities I allow the impact
of risk score to vary with facility (riskijt ∗ µj ).22 In day facilities, where lack of
geographical dispersion raises more concern about local trends in crime, policing
or the economy, I include facility specific time trends (timeijt ∗ µj ).
21

The various recidivism measures are correlated but still measure different things; the correlation coefficients
range from 0.4 to 0.7.
22
This is because there are a handful of residential facilities that specialize in substance abuse; since these youths
are more addicts than criminals, the risk score in these facilities has a different implication for recidivism than
elsewhere. Different specifications which include the interaction between facility fixed effects and both the risk and
criminal history score has only a trivial impact on the results in both residential and day facilities.
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Yijt = α + peerSCOREijt γ0 + Xijt β0 + λj + ηt +
riskijt ∗ µj + ijt

(5)

Yijt = α + peerSCOREijt γ0 + Xijt β0 + λj + ηt +
timeijt ∗ µj + ijt

(6)

The estimates of γ0 from equations 5 and 6 can be found in table 7, where panel
A shows the results from residential facilities and panel B shows the results from
day facilities. We see that in residential facilities the life-risk score of peers has a
dramatic effect on all measures of recidivism. The magnitude of the coefficients on
peer risk are quite large; a standard deviation increase in the average life-risk score
of the peer group predicts recidivism at a magnitude comparable to an additional
2 or 3 prior felonies.23 The criminal experience of peers does not appear to affect
recidivism; the coefficients are small and not statistically significant.
In the day facilities, however, we see the opposite results: peers with lots of
criminal experience impact recidivism and peers with a high life-risk score do
not. The magnitude of the coefficients here are even larger than what we saw
in residential; a standard deviation in the average criminal history score of the
peer cohort predicts recidivism as much as an additional 5 or 6 prior felonies.
Although at first glance the discrepancy in results between the day treatment and
residential facilities might seem puzzling, there is no reason to expect that the
mechanisms of peer influence that are important in one setting will be the same
ones in another setting. As discussed in section 3 (and summarized in table 1)
it seems unlikely that criminal network formation would have a strong effect in
residential facilities due to the fact that after release youths return to home towns
that are on average quite far apart from one another. Criminal network formation
is a much more plausible mechanism of peer influence in day facilities where all
the adolescents are local. On the other hand, the intensive social immersion of
the residential setting is more conducive to the behavioral/non-cognitive channel
of influence than the less intensive day treatment facilities.
In table 8 I introduce two new independent variables: the average peer risk
and peer criminal history scores of peers who come from home towns within 30
miles of person i (approximately 10% of all peers). These measures are built the
same way as the weighted average peer measure shown in equation 1 except that
the only peers included in this measure are peers who live within 30 miles and
therefore have a reasonable chance of hanging out with each other after release.
The rest of the specification is the same as is shown in equation 5.24
We see that the strong effects of peer risk on recidivism in the residential setting
is not driven by the handful of peers who live nearby. However we do see that
although the overall peer criminal history score in residential facilities does not
23

This result is from a separate regression of recidivism on the number of prior felonies as well as basic demographic
information, including quadratic controls for age. I do not show the coefficient on total number of prior felonies in
table 7 since it is highly correlated with the many other criminal history covariates, making interpretation of the
coefficients difficult.
24
I have also explored the impact of peers within 5,15 and 20 miles of the home town. The coefficients are similar,
but much less precise. Many of the youths in the sample do not have any peers in their cohort who live so close.
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predict recidivism, the criminal history of neighboring peers does. The magnitude
of the coefficients are smaller than that in day treatment facilities; this may be
due to a social multiplier effect. Combined with the results from day facilities, it
appears that the criminal experience of peers only matters when those peers live
close enough to enable physical interaction after release. The influence of peers
with a high life-risk score, on the other hand, does not appear to be sensitive to
distance.
One of the factors that make up the risk score is gang affiliation. In table 9 I
isolate this factor to see if the influence of peer risk is being driven by peer gang
membership. It appears that exposure to peers with gang affiliation increases recidivism in day facilities but not in residential facilities. Like criminal experience,
the gang affiliations of peers seem to be important when the peers live close by,
but unimportant if they live far.25
To summarize the evidence thus far, peer risk has a highly significant effect
on recidivism in the residential facilities which is not affected by distance and
not driven by gang membership. Peer criminal history and peer gang membership, on the other hand, only affect recidivism when the peers live close enough
to enable physical interaction after release. The fact that the criminal experience and gang affiliation of peers only matters when peers live close by support
the network formation theory of peer influence, or possibly location-specific skill
transfer. Judging from the magnitudes of the coefficients, these appear to be
important mechanisms of peer influence in the day facilities.
As discussed in section 3 it is unlikely that the strong effect of peer risk on
recidivism found in residential facilities is driven by either network formation or
skill transfer. Network formation is ruled out because of distance, and if skill
transfer were an important effect we’d expect to see it operating more through
peers with criminal experience than peers with difficult life circumstances.
By process of elimination this makes the behavioral channel of peer influence
the most likely candidate explanation for the influence of peer risk on recidivism
in residential facilities. However the argument that the behavioral channel of influence is important in residential facilities does not rest solely on the fact that it
is the residual explanation. We can test directly whether peer risk or peer criminal history influences behaviors, attitudes and skills by examining their influence
on a set of non-cognitive measures taken after release. The specification for this
regression is shown in equation 7, where ExitN oncogijt refers to the non-cognitive
scores taken after release from the facility (I have two sets: one taken immediately
after release and the other taken approximately eight months after release) and
EntryN oncogijt is a fully saturated set of dummies for each non-cognitive score
taken immediately before admission to the facility. Both of these measures are
taken in the teenager’s home county. Since I don’t have indicators for the person
who administers the C-PACT examination I include fixed effects for the county
where the exams were taken (Countyijt ); this will absorb some of incidental variation in grading styles. The variable T imeGapijt measures the amount of time
that has passed between release from the residential facility and the non-cognitive
25

I have tested to see if the rate of gang membership among residential facility peers who live within thirty miles
increases recidivism. The coefficient is positive but not statistically significant.
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examination.
ExitN oncogijt = α + peerSCOREijt γ1 + Countyijt β0 + EntryN oncogijt β1
+ T imeGapijt β2 + Xijt β3 + λj + ηt + riskijt ∗ µj + ijt

(7)

I present results for seven psychological dependent variables. Four of these are
‘negative’ measures: aggression, impulsivity, anti-societal attitudes, and an index
of crime-oriented non-cognitive traits. The index is built using scores calculated as
a part of the C-PACT examination and takes into account all of the characteristics
believed to heighten the risk of criminal activity.26 Three of the psychological
measures indicate ‘positive’ traits: social skills, consideration for the future, and
an index of healthy, or protective, non-cognitive traits. This index is also built
using scores calculated as a part of the C-PACT examination and takes into
account all of the characteristics considered to help protect the youth from the
criminal path.27 Both the positive and negative indices were included in the
data set I received; the other measures I built myself using raw data from the
examinations.
The impact of peer risk and peer criminal history on each of these measures
are shown in table 10. The exit non-cognitive scores have been normalized, as
have the peer scores. The dependent variables in panel A are the non-cognitive
scores taken immediately after release from the facility, the dependent variables
in panel B are the non-cognitive scores taken an average of 8 months after release.
The sample is entirely the residential sample; I do not have the exit non-cognitive
scores for day facility youths.
Looking at the scores taken immediately after release (panel A) we see that
exposure to high risk peers increases aggression, anti-societal attitudes, impulsivity and the index of crime-oriented non-cognitive traits, and decreases both social
skills and the index of healthy non-cognitive traits. Many of these effects remain
statistically significant eight months later, despite the smaller sample size. We
see that exposure to high risk peers leads to a persistent increase in anti-societal
attitudes, impulsivity, and the index of crime-oriented traits, and a decrease in
the index of healthy traits. We do not see a statistically significant effect of peer
criminal history on any of the scores taken immediately after release from incarceration. Interestingly, we see some evidence that peer criminal history affects
impulsivity and consideration for the future eight months after release. However
these are only statistically significant at the 10% level and there are fourteen
different tests – this ‘delayed onset’ effect may just be due to chance.
While these findings do not prove that exposure to high risk peers increases recidivism by influencing behaviors, attitudes and non-cognitive skills, it is strongly
consistent with that theory and an interesting finding in and of itself.28
26

These measures are taken by counselors in the youth’s home area who are unlikely to have knowledge of the
peer cohort.
27
The indices are the average of the three normalized domain scores as provided as part of the C-PACT data set.
The other measures I built myself from the answers provided in the C-PACT data set.
28
I have included the final non-cognitive scores in the main regression of recidivism on peer risk and criminal
history and although the sample that I am able to do that with is so small that none of the results are statistically
significant, the inclusion of the final non-cognitive scores lowers the magnitude of the coefficient on peer risk by
25-45%. Though low powered, this is consistent with the idea that the impact peer risk has on crime is mediated by
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In the final analysis of this section I break the risk score down into five factors
– drug and alcohol use, school problems, unstable home lives, history of abuse
or trauma, or gang affiliation – in order to see which factors are driving the
impact of peer risk on recidivism. With the exception of unstable home lives and
abuse/trauama, most of these categories were obvious and correspond directly
to domains in the full C-PACT examination. I divide family problems into two
categories in order to separate homes that are violent and abusive from ones
which are merely troubled. Indicators such as parental incarceration, parental
drug use, history of foster placement, and other family life indicators that did
not imply direct evidence of abuse are placed in the ‘unstable home life’ category
while ‘abuse/trauma’ refers only to physical abuse, sexual abuse, and witnessing
violence in the home. Details of the construction of these factors can be found in
the online appendix, section B.
These variables are all correlated, and since I am less interested in the marginal
impact of one factor when all the other factors are controlled for than the direct
impact of that factor on recidivism, I run separate regressions for each factor. The
results, separated by gender, are shown in tables 11 and 12. Difficulties in home
lives turn out to be the most significant factor in peer exposure for both genders,
although boys are most influenced by peers from unstable homes and girls are
most influenced by peers with a history of abuse and trauma.
Psychologists have found that difficulties in early childhood can have long lasting effects on emotional development and executive functioning. A broadly accepted theory for why this occurs is ‘allostatic load’ – the idea that if the brain’s
stress-management system is repeatedly overworked it begins to break down from
the strain (McEwen, 1998). Studies have found that even after controlling for socioeconomic factors, the amount of traumatic experiences a person had as a child
is a very strong predictor of risky behaviors, mental health issues, poor executive
functioning and other undesirable outcomes (Evans and Fuller-Rowell, 2013; Felitti et al., 1998). A study with rats shows that the amount of physical affection –
licking and grooming – had within the first 22 days of a rats life predicts a variety
of behaviors as an adult (Meaney and Szyf, 2005). Rats that had more physical
affection were more social, less aggressive, more curious, and better at mazes.
Nor was the physical affection a proxy for a genetic trait; placing rats from other
mothers in with the litter of an affectionate mother led to improved outcomes as
well.
The picture that emerges out of the evidence shown in this section indicates
that there are strong peer effects in the juvenile corrections system, and that
these peer effects take on at least two different flavors. One phenomenon is the
influence of peers who have had difficult life circumstances, who have grown up in
situations that are likely to have been full of stress, and who show high levels of
aggresssion/impulsivity and low social/emotional skills. This phenomenon shows
up in an environment of intense social exposure, and one in which peers are unlikely to have much physical interaction with each other after release. Exposure to
these peers increases recidivism, increases risky behaviors/attitudes and decreases
non-cognitive outcomes.
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healthy non-cognitive functioning.
The other phenomenon we see in the data is the influence of peers that, although they are not necessarily from the most difficult life circumstances (at least
compared to the average in this particular sample) have shown a strong tendency
towards committing crime. They’ve committed lots of crimes in the past and
they are strongly predicted to commit crime in the future. Some of them – the
ones with gang affiliation – have connections with an established criminal network. These types of peers are influential in day treatment facilities, where all
the youths are local. They are only influential in residential facilities if they come
from home towns within 30 miles of one’s own home town. There is no evidence
that these peers affect behaviors, attitudes or non-cognitive skills.
The evidence is consistent with a strong role for the behavioral/non-cognitive
channel of influence in residential facilities and a strong role for network formation
in day treatment facilities. There is no evidence that skill transfer is an important
mechanism of influence unless the skills being shared are ones that are highly local.

6

Robustness checks

This effect presents a variety of robustness tests, focusing on what I consider
the main findings of the paper: that exposure to high-risk peers while incarcerated
leads to increased levels of recidivism as well as an increase in crime-oriented noncognitive traits.
6.1 Sensitivity to covariates, robustness to inclusion of facility-level
time trends
This subsection focuses on the finding that exposure to high risk peers while
incarcerated in a residential facility makes it more likely that a youth will be
convicted of a felony crime within a year after release. Here I examine the extent
to which the coefficient on peer risk moves around with the addition of different
covariates, including controls for facility-level time trends and peer demographics.
If variation in the risk level of the peer group is truly exogenous conditional on
facility and time-of-release fixed effects, we would expect the coefficient to remain
fairly stable as covariates are added, with precision increasing. Indeed, that’s
what we see.29 Table 13 shows results from a regression of felony conviction on
the average risk level of the peer cohort, adding covariates column by column.
The first column controls only for gender, and the second column adds facility
and time-of-release fixed effects. The third column adds demographic covariates
such as race, ethnicity and age, and the fourth column adds the criminal history
covariates (criminal history score, total number of prior felonies, total number
of prior misdemeanors, category of worst previous offense, and an index which
measures both the seriousness and quantity of previous offenses). Column five
adds own risk score and own risk score interacted with facility fixed effects; this
column includes all the same covariates and fixed effects as the main specification
29

Results are very similar when the dependent variable is one of the other recidivism covariates – I present only
felony conviction here for the sake of concision.
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examined in section 5, except for peer criminal history. The addition of controls
for the risk score leads to a slight increase in the magnitude of the coefficient
due to negative mechanical correlation between own risk and peer risk. Column
six adds extra controls for quadratic time trends interacted at the facility level.
Column seven includes peer criminal history, peer age, and the percent of peers
who are African American or Hispanic. As can be seen, the magnitude of the
coefficients remain remarkably consistent across all the specifications,30 and the
effect is statistically significant in all cases, even after the inclusion of facilityspecific quadratic time trends and a variety of other peer characteristics.
6.2

Permutation test

There are several reasons to question whether the standard errors presented
in the main results section (section 5) correctly define the confidence intervals for
the estimated coefficients. To begin with, since most of the outcome variables
are binary, the error terms will not be normally distributed. Furthermore, as discussed in Angrist (2013), peer effects research is similar to jackknife instrumental
variables with weak instruments. The many-weak instruments analogy raises the
question of whether estimated standard errors in peer effects research may be
too small, leading to incorrect coverage rates. In response to these concerns, I
have performed a permutation test to non-parametrically estimate the variance
of γ0 under the null from equation 5 (the impact of peer risk and peer criminal
history on the recidivism covariates) as well as γ1 from equation 7 (the impact
of peer risk and peer criminal history on the non-cognitive measures). A permutation test will yield accurate confidence intervals under many-weak instruments
(Imbens and Rosenbaum, 2005).
I do this by randomly shuffling the admission dates within a facility – essentially
randomizing the peer cohort at the facility level. The length of sentence remains
the same and the exit date is adjusted accordingly – all other covariates for each
observation remain untouched. For each simulated data set I run the regressions
specified in equation 5 with all five recidivism variables, as well as the regressions
specified in equation 7 with the crime-oriented non-cognitive index as the outcome
variables. These simulations are fairly expensive in terms of computing time; for
this reason I perform only 1000 repetitions. The results are shown in table 14
where the six columns indicate results for the six outcome variables (arrest, felony
arrest, conviction, felony conviction, and the risky non-cognitive index). The top
two rows show the p values from the coefficient on peer risk and the bottom
two rows show the p values from the coefficient on peer criminal history. The
clustered OLS p values are simply the two-tailed p values from the regressions
whose results are shown in panel A of tables 7 and 10. The permutation p values
are the percentage of regressions from the simulated data sets in which the t
statistic is larger in absolute value than the t statistic from the ‘real’ regression.
30

Adding the fixed effects decreased the significance level but increased the magnitude of the coefficient. This may
be due to the fact that a handful of the centers specialize in substance abuse treatment. These youths have very
high risk scores due to the drug and alcohol abuse, but as they are addicts more than criminals they have low rates
of recidivism.
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As can be seen from table 14 the confidence intervals described using the clustered OLS standard errors are quite similar to those estimated non-parametrically
using the technique described above, implying that despite concerns, OLS clustered standard errors perform quite well in this setting.

7

Function Form and Heterogeneity

Whereas section 5 focused on differentiating between several mechanisms of
peer influence, this section explores functional form and heterogeneity across genders. I focus on two effects: the influence of peers with different risk scores on
felony conviction and on the crime-oriented non-cognitive index taken immediately after release.
Section 5 analyzed the effect of average risk and average criminal history of
the peers on recidivism, yet there is no reason to believe that it is the average
peer score that matters (Hoxby and Weingarth, 2005; Carrell et al., 2009; Duflo
et al., 2011; Imberman et al., 2012). This section relaxes the functional form
assumptions and examines the impact of peers at different levels of life-risk on
future crime. To explore the impact of peers with different risk levels I divide
the risk score into bins of two, as seen in figure 4a. I aggregate the tails of the
distribution so that each bin contains at least 10% of the sample. Then for each
youth I build six different peer measures: the fraction of peers in each of the
six bins. This is expressed in equation 4, where f racbi is the fraction of i’s peers
(weighted by days) with risk score in bin b.
P
k6=i di,k ∗ I[k ∈ b]
P
f racbi =
(8)
k6=i di,k
Dropping the third bin (so that the fraction of peers with a risk score between
six and seven will serve as the reference level) I regress felony conviction on the
five peer risk-level variables. The set of covariates and fixed effects are the same
as in all the residential facility regressions as specified in equation 5. I present the
results of this regression in graphical form in figure 4b. The independent variables
are represented on the x axis and the coefficient magnitudes are represented on
the y axis. The dropped variable is set equal to zero on this graph to serve as
a reference point. The shape of the points represent statistical significance, as
described in the legend. Each point (each coefficient) represents the marginal
impact of having more peers in that particular bin, conditional on the number
of peers you have in each other bin. Thus if you experience a 10% increase in
the number of very high risk peers (risk score between 12 and 18) in your cohort,
your likelihood of being convicted of a felony increases by 2.8 percentage points.
Since an average of 27% of all youths released from incarceration are convicted
of felony within a year, the 10% increase in very high risk peers translates into a
10% increase over the mean in felony convictions. While only results for felony
conviction are discussed in this section, the functional form for the other recidivism
variables are qualitatively quite similar.
It should be noted that this section is presented graphically so that the focus is
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on looking for descriptive patterns, not on seeking statistical significance of each
individual coefficient. Each coefficient represents a relatively low power test, as it
is much more difficult to distinguish the impact of peers in two adjacent risk-level
bins than it is to identify a general relationship between the risk level of peers
and future crime, like the linear-in-means test does.
Figure 4b shows several interesting results. First of all, the coefficients are
monotonic and reasonably linear, implying that the effect operates throughout
the spectrum and does not solely come from the impact of one type of peer.
Second of all, there appears to be an outlier effect, where exposure to particularly
high risk peers significantly increases recidivism, even controlling for the fraction
of peers in other bins. However these results aggregate both genders, obscuring
potential differences in functional form.
Figure 4c examines how the impact of peer risk on felony conviction differs by
gender. The coefficients shown are the result of a single regression in which the six
peer risk level variables are interacted with two dummies: a dummy indicating
male and a dummy indicating female. The fraction of peers with a risk score
between six and seven for males has been dropped from the regression; it is denoted
as a 0 on the graph and will serve as the reference level. Here we see a striking
non-linearity. For boys, the fraction of peers with low to moderate risk levels
appears to have very little influence, while the fraction of high risk peers increases
recidivism markedly. For girls the opposite is true: the fraction of peers with
moderate to high risk levels has little influence, but the fraction of peers with very
low risk levels decreases recidivism markedly.31 It is refreshing to see examples of
a positive peer influence!32
Figure 4d examines how peers at different risk levels affect crime-oriented attitudes and non-cognitive traits, as measured by the index discussed previously.
Again, the coefficients shown are the result of a single regression in which the six
peer risk level variables are interacted with two dummies: a dummy indicating
male and a dummy indicating female, with the fraction of peers with a risk score
between six and seven for males dropped from the regression. All of the covariates
and fixed effects are the same as in equation 7. The functional form for girls is
qualitatively quite similar to the one for girls in figure 4c: exposure to moderate
or high risk peers has little effect but exposure to low risk peers is beneficial. For
boys, we see that exposure to high risk peers leads to a sizable increase in crimeoriented attitudes and non-cognitive traits, but unlike figure 4c, boys experience
benefit from their low risk peers. (The sample for this regression is about 40%
smaller, as I do not have access to the non-cognitive data for all of the youth.)
While it would also be interesting to examine heterogeneity in peer influence
across risk levels of the youths themselves, my sample is too small to be able to
do this with any power. I have explored this avenue of research and find that
the coefficients are so unstable that it is difficult to extract any meaning from the
31

A test for the equality of coefficients rejects that the influence of very low risk peers is the same across genders
at the 5% level, and rejects that the influence of very high risk peers is the same across genders at the 10% level.
32
It is not clear why differences across genders occur. The positive effects of early childhood education on adult
outcomes are also a lot stronger for females and it is argued that non-cognitive skill formation explains this effect
(Anderson, 2008; Heckman et al., 2013). Kling et al. (2007) finds that moving to higher SES neighborhoods improves
mental health and risky behavior outcomes for girls, while having generally negative effects for boys.
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results.

8

Conclusion

This paper presents evidence that social interactions had while incarcerated
can have a strong impact on the propensity for crime after release. Using a highly
detailed original dataset compiled from several administrative sources, I am able
to distinguish between three mechanisms of peer influence: criminal skill transfer,
the formation of new criminal networks which persist after release, and the social
contagion of crime-oriented attitudes and non-cognitive skills. I find evidence consistent with the social contagion mechanism in residential incarceration facilities,
and I find evidence consistent with network formation in alternative schools for
delinquent youth. The ability to separately identify these various mechanisms of
peer influence on crime is one of the main contributions of this paper.
One of the other contributions of this paper is the finding that peers influence
the development of non-cognitive traits such as aggression, impulsivity and social
skills. The influence that peers exert during the incarceration period persists at
least eight months after release and is likely to be an important channel by which
peers influence the propensity for crime.
Furthermore, I find differences in peer influence across genders. While girls
react strongly to the positive influence of relatively low-risk peers, boys are more
susceptible to the negative influences of high risk peers.
The research presented in this paper yields several different policy implications. The first is that due to the strength of peer influence, home arrest may
be a preferable alternative to group correctional programs. Although in the past
this form of sanctions have been reserved only for low risk youths, advances in
technology and promising new research on deterrence methods imply that it may
be possible to keep even high risk youth well behaved during home arrest. GPS
ankle bracelets enables immediate verification of curfew compliance, and ‘swift
and certain’ punishment – immediate, certain, yet brief periods of incarceration
– will increase adherence to the rules of the arrest (Hawken and Kleiman, 2009).
While there are undoubtedly costs associated with monitoring youth on home arrest, the average costs of youth incarceration, at $240.99 per adolescent per day,
are already quite high (Velazquez, 2009).
Secondly, the findings in this paper support the idea that programs which work
through non-cognitive skill formation can have an effect on crime. A survey of
programs which aim to reduce juvenile delinquency by targeting non-cognitive
traits finds evidence that these can be effective (Hill et al., 2011). In particular,
they find that several family-based programs, such as Functional Family Therapy
(FFT) and Multi-Systemic Therapy (MST) are shown to be effective in reducing
crime by multiple randomized studies. Evidence suggests that the costs of these
programs are offset by lowered costs of crime and future incarceration. Programs
such as these could be a rehabilitative supplement to home arrest.
A final policy implication involves potential improvements in the sorting of
youths within correctional facilities. The non-linearities in peer effects when separated by gender imply that when incarceration is deemed necessary, it may be
30

preferable to separate high risk boys from the rest of the cohort, while mixing
girls of various risk levels together. This should be applied with caution, however,
since research shows that youths can respond endogenously to the distribution
of their peers, generating unexpected results to ‘optimally’ designed peer groups
(Carrell et al., 2013).
Incarceration is a heavily-used tool for crime prevention in the United States.
It is estimated that 11% of American men, and one in three African American men
will be incarcerated at some point in their lives (Bonczar, 2003). Despite the scale
of this intervention, very little is known about its effects on future outcomes. This
paper shows that social interactions had during incarceration are very important
for future criminal behavior among adolescents. While significant work remains
to be done to understand the consequences of widespread incarceration, it is clear
that the experience is a formative one, with potentially troubling side effects.
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Table 2: Summary statistics on life-risk, criminal history, and non-cognitive indicators
Male

Female

Total

Panel A: Summary Statistics for the Life-Risk Score
Dropped out or expelled
Drinks alcohol
Does drugs
Known gang affiliate
Parents w/drug, alc. prob
Parent has been incarcerated
Family member has been incarcerated
Been in foster care/shelter
Ran away or was kicked out
Physically abused
Sexually abused

0.11
0.21
0.46
0.14
0.14
0.45
0.60
0.17
0.42
0.16
0.030

0.13
0.27
0.44
0.10
0.22
0.52
0.67
0.32
0.77
0.36
0.29

0.11
0.22
0.46
0.14
0.15
0.46
0.61
0.19
0.47
0.19
0.065

Panel B: Summary Statistics for the Criminal History Score
First offense under 14yrs
First offense under 12yrs
Previously incarc.
MS prior- assault
MS prior- burglary
MS prior- robbery
MS prior- drug felony
MS prior- auto theft
MS prior- larceny
MS prior- murder, att. murder
Total prior felony charges
Total prior misdemeanor charges

0.78
0.39
0.29
0.39
0.35
0.14
0.059
0.043
0.11
0.0043
6.06
5.91

0.76
0.33
0.28
0.56
0.16
0.037
0.040
0.080
0.30
0.0029
2.85
4.97

0.77
0.38
0.29
0.42
0.33
0.13
0.057
0.048
0.14
0.0041
5.62
5.78

Panel C: Summary Statistics for the Non-Cognitive Scores
Low/no hope or aspiration
Impulsive or highly impulsive
Lacks empathy for victim
Lacks respect for other’s property
Low tolerance for frustration
Hostile interp. of other’s actions
Believe verb. agg. often necessary
Believe phys. agg. often necessary
No/unrealistic goals
Poor situational perception
Poor social skills
Poor emotional skills

0.40
0.57
0.28
0.17
0.20
0.50
0.10
0.066
0.56
0.81
0.81
0.60

0.39
0.64
0.33
0.15
0.36
0.63
0.21
0.10
0.55
0.82
0.79
0.65

0.40
0.58
0.29
0.17
0.22
0.51
0.12
0.071
0.56
0.81
0.81
0.60

The statistic shown is the mean.

Note: This table shows summary statistics by gender on some of the C-PACT
indicators used to build the life-risk, criminal history, and non-cognitive
scores for 12,695 youths in residential facilities. All variables except for the
final two variables in Panel B are dummies indicating whether or not a trait
is observed. ‘MS prior’ is short for ‘most serious prior offense’.
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Table 3: Summary statistics on demographics, criminal history and recidivism, shown by facility
type
Residential

Day treatment

Total

Pre-determined Variables
Age at entry
Female
African-American
Hispanic
MS prior-violent felony
MS prior-property felony
Previously incarcerated
Own risk score
Own criminal history score

16.5
0.14
0.55
0.11
0.61
0.29
0.29
7.19
12.8

16.3
0.23
0.55
0.15
0.45
0.31
0.22
5.38
8.94

16.4
0.16
0.55
0.12
0.58
0.30
0.27
6.82
12.0

Recidivism Variables
Arrest 1yr post
Felony arrest 1yr post
Conviction 1yr post
Felony conviction 1yr post
Re-incarcerated 1yr post

0.60
0.44
0.43
0.27
0.21

0.50
0.32
0.34
0.18
0.15

0.58
0.42
0.41
0.25
0.20

The statistic shown is the mean.

Note: This table shows summary statistics by facility type. There are 12,695
observations for the residential facilities and 3,306 observations for the day
treatment facilities. ‘MS prior’ stands for ‘most serious prior offense’. The
recidivism variables are dummy variables indicating whether or not the adolescent was arrested/convicted/imprisoned within one year of release.
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Table 4: Do the risk, criminal history, and non-cognitive scores predict recidivism?
Panel A: Not including non-cognitive scores
(1)
Arrest
0.0309∗∗∗∗
(0.00420)
0.0861∗∗∗∗
(0.00426)
12696
0.121
0.60

Own Risk
Own CH
Observations
R2
Mean dep. var.

(2)
Felony Arrest
0.0242∗∗∗∗
(0.00402)
0.0907∗∗∗∗
(0.00518)
12696
0.128
0.44

(3)
Convict
0.0195∗∗∗∗
(0.00454)
0.0697∗∗∗∗
(0.00475)
12696
0.107
0.43

(4)
Felony Convict
0.0113∗∗∗
(0.00373)
0.0561∗∗∗∗
(0.00475)
12696
0.0829
0.27

(5)
Prison
0.0169∗∗∗∗
(0.00334)
0.0474∗∗∗∗
(0.00384)
12696
0.136
0.21

Felony Arrest
0.0155∗∗∗
(0.00558)
0.0808∗∗∗∗
(0.00719)
0.0191∗∗∗
(0.00725)
0.0275∗∗∗∗
(0.00632)
7702
0.123
0.47

Convict
0.0160∗∗∗
(0.00558)
0.0597∗∗∗∗
(0.00595)
0.00500
(0.00727)
0.0388∗∗∗∗
(0.00525)
7702
0.121
0.47

Felony Convict
0.00693
(0.00475)
0.0572∗∗∗∗
(0.00620)
-0.000938
(0.00641)
0.0262∗∗∗∗
(0.00583)
7702
0.0948
0.29

Prison
0.0144∗∗∗
(0.00467)
0.0450∗∗∗∗
(0.00512)
0.00000405
(0.00679)
0.0377∗∗∗∗
(0.00534)
7702
0.150
0.25

Panel B: Including non-cognitive scores
Own Risk
Own CH
Crime-Oriented Noncog (Entry)
Crime-Oriented Noncog (Exit)
Observations
R2
Mean dep. var.

Arrest
0.0211∗∗∗∗
(0.00541)
0.0758∗∗∗∗
(0.00560)
0.0218∗∗∗
(0.00744)
0.0345∗∗∗∗
(0.00536)
7702
0.123
0.64

Standard errors clustered at the facility level
∗

p < 0.10,

∗∗

p < 0.05,

∗∗∗

p < 0.01,

∗∗∗∗

p < 0.001

Note: This table shows how the life-risk, criminal history, and the non-cognitive scores taken both before entry and after
exit from the facility predict recidivism among youths in residential facilities. The independent variables have been normalized and the dependent variable is binary, indicating whether or not the youth is arrested/convicted/imprisoned within
a year of release. The regression is linear and includes controls for demographics, facility fixed effects, and quarter-by-year
of release fixed effects.
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Table 5: Identification tests: facility-specific time trends and split sample test for non-random
assignment to peers
Panel A: Testing for facility specific time trends
ResidentialResidentialRisk
Crim. History
F Statistic on β
Prob >F under null
# Facilities with FDR p<0.10
Smallest FDR p value

0.97
0.57
0
0.41

1.11
0.15
0
0.31

Day-Risk

Day-Criminal
History

2.69
0.00
5
.01

2.61
0.00
0
0.90

Panel B: Testing for correlations between own risk/CH score and peer risk/CH
ResidentialResidentialDay-Risk Day-Criminal
Risk
Crim. History
History
ˆ
β̂ (Average β̂: 10,000 reps)
0.00275
0.00181
0.00044
0.00375
ˆ
σ̂β (Average σ̂β : 10,000 reps)
0.00209
0.00212
0.00360
0.00397
Upper Bound, 95% C.I.
0.00693
0.00605
0.00764
0.01169
S.D. Own Score
1
1
1
1
S.D. Peer Score
0.38
0.46
0.31
0.40
Note: Panel A summarizes the results of two tests for facility-specific linear time trends. Panel B summarizes
the results for the ‘split-sample’ test of correlation between own risk/criminal history score and the risk/criminal
history score of the peers. Descriptions for both techniques can be found in section 4.
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Table 6: Identification: testing for correlations between the covariates and peer risk/criminal history
scores
Panel A: Residential – Correlations between peer risk and covariates?

Peer Risk
Observations
R2

(1)
LifeRisk

(2)
#Prior
Felonies

0.0422
(0.0296)
12695
0.184

0.0421
(0.187)
12695
0.121

(3)
#Prior
Misdeanors
0.241*
(0.142)
12695
0.0825

(4)
Violent
Felony
Prior
-0.0001
(0.0152)
12695
0.103

(5)
Property
Felony
Prior
0.0058
(0.0145)
12695
0.0540

(6)
Black

(7)
Hispanic

(8)
Age

-0.0035
(0.0154)
12695
0.111

0.0032
(0.0098)
12695
0.0569

0.0465
(0.0377)
12695
0.180

Panel B: Residential – Correlations between peer CH and covariates?

Peer CH
Observations
R2

Criminal
History
Score
0.0128
(0.0370)
12695
0.0879

#Prior
Felonies
0.0424
(0.211)
12695
0.218

#Prior
Misdeanors
0.0109
(0.147)
12695
0.309

Violent
Felony
Prior
0.0270
(0.0170)
12695
0.212

Property
Black
Felony
Prior
-0.0313* 0.0067
(0.0170) (0.0183)
12695
12695
0.0859
0.122

Hispanic

Age

0.0077
(0.0118)
12695
0.0584

0.0294
(0.0451)
12695
0.175

Hispanic

Age

-0.0109
(0.0188)
3306
0.206

-0.0236
(0.0701)
3306
0.0555

Hispanic

Age

Panel C: Day – Correlations between peer risk and covariates?

Peer Risk
Observations
R2

Criminal
History
Score
0.0117
(0.0524)
3306
0.139

#Prior
Felonies
0.0752
(0.262)
3306
0.0811

#Prior
Misdeanors
-0.0272
(0.219)
3306
0.0656

Violent
Felony
Prior
0.0290
(0.0283)
3306
0.0892

Property
Black
Felony
Prior
-0.0487* -0.0019
(0.0272) (0.0266)
3306
3306
0.0300
0.193

Panel D: Day – Correlations between peer CH and covariates?

Peer CH
Observations
R2

LifeRisk

#Prior
Felonies

-0.0505
(0.0761)
3306
0.0742

0.108
(0.331)
3306
0.214

#Prior
Misdeanors
-0.310
(0.271)
3306
0.232

Violent
Felony
Prior
0.0197
(0.0356)
3306
0.227

Property
Felony
Prior
0.0426
(0.0369)
3306
0.0411

Black

0.0338
(0.0363)
3306
0.196

-0.0538** 0.0636
(0.0257) (0.0959)
3306
3306
0.209
0.0533

OLS standard errors shown in parenthesis
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: Panels A and C show the results of regressions of various pre-determined covariates on peer risk in residential
facilities and day facilities respectively. Panels B and D show the results of regressions of various pre-determined
covariates on peer criminal history in residential facilities and day facilities. Panels A and C control for own risk
score and panels B and D control for own criminal history score to avoid any corruption due to negative mechanical
correlation. All regressions control for facility and time-of-release fixed effects, day treatment facilities also control
for facility-specific time trends.
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Table 7: Main results: how variation in the life-risk and criminal history score of peers affects
recidivism
Panel A: Residential Facilities

Peer Risk
Peer CH
Observations
R2
Mean dep. var.

(1)
(2)
Arrest Felony Arrest
0.0328**
0.0398***
(0.0134)
(0.0136)
0.00345
0.00130
(0.0145)
(0.0148)
12695
12695
0.138
0.145
0.60
0.44

(3)
(4)
Convict Felony Convict
0.0324**
0.0397***
(0.0131)
(0.0129)
0.0182
-0.0105
(0.0162)
(0.0135)
12695
12695
0.123
0.0971
0.43
0.27

(5)
Prison
0.0363****
(0.00999)
0.00599
(0.0153)
12695
0.150
0.21

Convict Felony Convict
-0.0265
0.00751
(0.0248)
(0.0172)
0.0733**
0.0663**
(0.0268)
(0.0313)
3306
3306
0.0796
0.0676
0.34
0.18

Prison
-0.0177
(0.0208)
0.0693**
(0.0319)
3306
0.0897
0.15

Panel B: Day Facilities
Peer Risk
Peer CH
Observations
R2
Mean dep. var.

Arrest
-0.0269
(0.0239)
0.0411
(0.0322)
3306
0.0954
0.51

Felony Arrest
0.000230
(0.0264)
0.0435
(0.0379)
3306
0.101
0.32

Standard errors, clustered at facility level, are shown in parenthesis
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: The independent variables have been normalized and the dependent variable is binary, indicating whether or not the youth is arrested/convicted/imprisoned within a year of release. The
regression is linear and includes full set of covariates and fixed effects as described in section 5.
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Table 8: Supporting results: are peers more influential when their home town is within 30 miles of
one’s own hometown?
Residential Facilities

Peer Risk
Peer RSK, within 30 miles
Peer CH
Peer CH, within 30 miles
Observations
R2
Mean dep. var.

(1)
(2)
Arrest
Felony Arrest
0.0377**
0.0480***
(0.0159)
(0.0159)
0.00995*
0.00554
(0.00590)
(0.00520)
0.00346
0.00673
(0.0192)
(0.0180)
0.0145**
0.0157**
(0.00694)
(0.00658)
11135
11135
0.137
0.143
0.60
0.44

(3)
Convict
0.0278
(0.0169)
0.00417
(0.00604)
0.0131
(0.0186)
0.0107*
(0.00626)
11135
0.122
0.43

(4)
Felony Convict
0.0461***
(0.0165)
-0.000159
(0.00521)
-0.000238
(0.0174)
0.00853 *
(0.00519)
11135
0.0983
0.27

(5)
Prison
0.0362**
(0.0144)
-0.00106
(0.00456)
0.0175
(0.0144)
-0.00446
(0.00467)
11135
0.153
0.21

Standard errors, clustered at facility level, are shown in parenthesis
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: The independent variables have been normalized and the dependent variable is binary, indicating whether
or not the youth is arrested/convicted/imprisoned within a year of release. The phrase ‘within 30 miles’ indicates that the peer measure is the average peer score of peers whose home town is within 30 miles of one’s own
home town. The regression is linear and includes full set of covariates and fixed effects as described in section 5.
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Table 9: Supporting results: how does exposure to peers with gang affiliation affect recidivism in
different settings?
Panel A: Residential Facilities

Peer Risk
Peer Gang
Observations
R2
Mean dep. var.

(1)
(2)
Arrest Felony Arrest
0.0339**
0.0423***
(0.0145)
(0.0135)
0.00142
-0.00392
(0.0120)
(0.0106)
12695
12695
0.133
0.139
0.60
0.44

(3)
(4)
Convict Felony Convict
0.0371***
0.0375***
(0.0140)
(0.0133)
-0.00534
0.00501
(0.0119)
(0.0103)
12695
12695
0.119
0.0941
0.43
0.27

(5)
Prison
0.0385****
(0.0105)
-0.00431
(0.00895)
12695
0.147
0.21

Convict
-0.0345
(0.0245)
0.0208
(0.0235)
3306
0.0787
0.34

Prison
-0.0212
(0.0226)
0.0104
(0.0166)
3306
0.0880
0.15

Panel B: Day Facilities
Peer Risk
Peer Gang
Observations
R2
Mean dep. var.

Arrest
-0.0216
(0.0245)
-0.0109
(0.0226)
3306
0.0952
0.51

Felony Arrest
-0.0150
(0.0306)
0.0366**
(0.0188)
3306
0.102
0.32

Felony Convict
-0.00543
(0.0201)
0.0319*
(0.0169)
3306
0.0673
0.18

Standard errors, clustered at facility level, are shown in parenthesis
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: The independent variables have been normalized and the dependent variable is binary,
indicating whether or not the youth is arrested/convicted/imprisoned within a year of release.
‘Peer Gang’ refers to the percent of peers with gang affiliation; this indicator is part of the risk
score. The regression is linear and includes full set of covariates and fixed effects as described in
section 5.
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Table 10: Supporting results: do peers influence post-release non-cognitive traits?
Panel A: Residential Facilities: Non-cognitive scores immediately after release
Aggression

Peer Risk
Peer CH
Observations
R2

AntiSocietal
Attitudes
0.0862*
0.135**
(0.0465) (0.0557)
0.0519
0.0475
(0.0536) (0.0581)
7008
7008
0.204
0.193

Impulsivity

CrimeSocial
Future
Oriented
Skills
ThinkTraits
ing
0.132**
0.131** -0.0847* 0.0159
(0.0508) (0.0518) (0.0465) (0.0414)
0.0386
0.0429
0.0100
-0.0220
(0.0539) (0.0511) (0.0614) (0.0526)
7008
7008
7008
7008
0.206
0.226
0.222
0.219

Healthy
Traits
-0.103**
(0.0488)
-0.0391
(0.0608)
7008
0.249

Panel B: Residential Facilities: Non-cognitive scores 8 months after release
Aggression
Peer Risk
Peer CH
Observations
R2

0.0561
(0.0400)
0.0359
(0.0487)
5906
0.213

AntiImpulCrimeSocietal
sivity
Oriented
Attitudes
Traits
0.0862** 0.0765*
0.0807*
(0.0429) (0.0416) (0.0443)
0.0442
0.0951*
0.0841
(0.0476) (0.0556) (0.0515)
5906
5906
5906
0.183
0.200
0.222

Social
Skills
-0.0890
(0.0621)
-0.0121
(0.0791)
5906
0.233

Future
Thinking
-0.0492
(0.0474)
-0.0957*
(0.0523)
5906
0.209

Healthy
Traits
-0.0855*
(0.0446)
-0.0681
(0.0568)
5906
0.261

Standard errors, clustered at the facility level, in parentheses
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: Both the independent and the dependent variables have been normalized. The dependent variables are, from left to right, aggression, anti-societal attitudes, impulsivity/emotional control, an index of
crime-oriented attitudes and non-cognitive traits, social skills, future thinking, and an index of protective
(healthy) non-cognitive skills. The regression is linear and includes full set of covariates and fixed effects
as described in section 5; notably it also uses a fully saturated set of controls for the non-cognitive scores
upon entry.
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Table 11: Supporting results: which of the life-risk factors is driving the results? (Boys)
Residential Facilities: Boys

Peer Drugs/Alcohol
R2
Peer School Problems
R2
Peer Unstable Home
R2
Peer Abuse/Trauma
R2
Peer Gang
R2
Observations
Mean dep. var.

(1)
Arrest

(2)
Felony Arrest

(3)
Convict

(4)
Felony Convict

(5)
Prison

0.0301
(0.0210)
0.113
-0.00429
(0.0159)
0.112
0.0339∗∗∗
(0.0125)
0.113
0.0194
(0.0202)
0.112
0.00596
(0.0127)
0.112
10960
0.63

0.0261
(0.0196)
0.114
-0.0211∗
(0.0127)
0.114
0.0310∗
(0.0163)
0.114
0.0230
(0.0225)
0.114
0.00463
(0.0127)
0.114
10960
0.48

0.0346∗
(0.0189)
0.104
-0.0164
(0.0130)
0.103
0.0298∗∗
(0.0130)
0.104
0.0244
(0.0194)
0.103
0.00787
(0.0125)
0.103
10960
0.45

0.0322∗
(0.0164)
0.0788
-0.0117
(0.0103)
0.0786
0.0248∗
(0.0148)
0.0788
0.0264
(0.0197)
0.0786
0.0143
(0.0125)
0.0787
10960
0.29

0.0218
(0.0163)
0.142
-0.00738
(0.0115)
0.142
0.0178
(0.0109)
0.142
0.0110
(0.0164)
0.142
0.00680
(0.00988)
0.142
10960
0.22

Standard errors, clustered at the facility level, are shown in parentheses
∗

p < 0.10,

∗∗

p < 0.05,

∗∗∗

p < 0.01,

∗∗∗∗

p < 0.001

Note: The table shown is the result of 25 separate regressions: five dependent and five independent variables. These five independent variables are the main factors used in determining the life-risk score. The
independent variables have been normalized and the dependent variable is binary, indicating whether or
not the youth is arrested/convicted/imprisoned within a year of release. The regression is linear and includes full set of covariates and fixed effects as described in section 5.
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Table 12: Supporting results: which of the life-risk factors is driving the results? (Girls)
Residential Facilities: Girls

Peer Drugs/Alcohol
R2
Peer School Problems
R2
Peer Unstable Home
R2
Peer Abuse/Trauma
R2
Peer Gang
R2
Observations
Mean dep. var.

(1)
Arrest

(2)
Felony Arrest

(3)
Convict

(4)
Felony Convict

(5)
Prison

0.0378
(0.0225)
0.101
-0.00580
(0.0218)
0.101
-0.0147
(0.0118)
0.101
0.0279∗∗
(0.0113)
0.101
0.00772
(0.0249)
0.101
1765
0.40

0.0132
(0.0284)
0.0642
-0.0164
(0.0220)
0.0644
0.0304
(0.0215)
0.0650
0.0581∗∗∗
(0.0187)
0.0677
-0.0130
(0.0153)
0.0643
1765
0.20

0.0202
(0.0253)
0.115
-0.0119
(0.0227)
0.115
0.0173
(0.0119)
0.115
0.0569∗∗∗∗
(0.0116)
0.117
-0.0312∗∗
(0.0141)
0.116
1765
0.27

-0.0178
(0.0257)
0.0587
-0.00743
(0.0245)
0.0584
0.0220
(0.0150)
0.0591
0.0445∗∗∗∗
(0.0117)
0.0618
-0.00649
(0.0127)
0.0584
1765
0.11

0.00600
(0.0259)
0.136
-0.0120
(0.0137)
0.136
0.0190
(0.0169)
0.136
0.0132
(0.0143)
0.136
-0.0240∗∗
(0.00993)
0.137
1765
0.12

Standard errors, clustered at the facility level, are shown in parentheses
∗

p < 0.10,

∗∗

p < 0.05,

∗∗∗

p < 0.01,

∗∗∗∗

p < 0.001

Note: The table shown is the result of 25 separate regressions: five dependent and five (correlated) independent variables. These five independent variables are the main factors used in determining the life-risk
score. The independent variables have been normalized and the dependent variable is binary, indicating
whether or not the youth is arrested/convicted/imprisoned within a year of release. The regression is linear and includes full set of covariates and fixed effects as described in section 5.
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Table 13: Robustness check: does the coefficient move around with the addition of covariates?

Peer Risk

(1)
(2)
Felony
Felony
Convict. Convict.
0.0249*** 0.0334**
(0.00752) (0.0130)

Peer CH
Perc Afr-Am
Av Age
Perc Hisp
Gender
Facility Fixed Effects
Date Fixed Effects
Demographics
Crim. History Score
Risk Score
Risk x FacFE
QuadTT x FacFE
Observations
R2
Mean dep. var.

X

X
X
X

12741
0.0216
0.27

12741
0.0527
0.27

(3)
(4)
(5)
(6)
(7)
Felony
Felony
Felony
Felony
Felony
Convict. Convict. Convict. Convict. Convict.
0.0360*** 0.0344*** 0.0388*** 0.0436** 0.0431**
(0.0130) (0.0128) (0.0130) (0.0200) (0.0202)
-0.0173
(0.0330)
-0.0788
(0.0763)
0.00232
(0.00539)
-0.0899
(0.120)
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
12741
12695
12695
12695
12695
0.0700
0.0860
0.0971
0.104
0.104
0.27
0.27
0.27
0.27
0.27

Standard errors, clustered at the facility level, shown in parenthesis
* p < 0.10, ** p < 0.05, ***p < 0.01, ****p < 0.001

Note: Peer Risk has been normalized and the dependent variable is a dummy variable indicating whether or not the
youth has been convicted of a felony within a year after release. Covariates include gender, facility fixed effects, date
of release fixed effects, demographics, criminal history variables and score, risk score and risk score interacted with
facility fixed effects, a quadratric time trend interacted with facility fixed effects, peer criminal history, percent of
African American peers, percent of Hispanic peers, and average age of peers.
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Table 14: Robustness check: non-parametrically estimated standard errors (residential facilities)
(1)
Arrest

(2)
Felony
Arrest

(3)
Conviction

(4)
Felony
Convict.

(5)
Prison

(6)
Crime Oriented Traits

Peer Risk
P-Value: Clustered OLS
P-Value: Permutation

0.0100
0.0150

0.0025
0.0130

0.0097
0.0140

0.0020
0.0060

0.0003
0.0000

0.0112
0.0180

Peer CH
P-Value: Clustered OLS
P-Value: Permutation

0.8572
0.7410

0.9442
0.9420

0.2894
0.2570

0.4297
0.5000

0.7189
0.6380

0.5223
0.4900

Note: This table compares the two-tailed p-values from the clustered OLS standard errors (as shown in
panel A of table 7 and panel A of table 10) with estimated p values from a permutation tests in which
admission dates were randomly shuffled within facilities, assigning peers to simulated peer groups. Besides admission and release date, all other aspects of the dataset remain the same. These permutation
based p-values are calculated using the percentage of t-statistics from the regressions using the simulated data sets which were greater in absolute value than the t statistics using the actual dataset.

47

Figure 1: Correlations
(a) Risk and Criminal History Score

(b) Risk and Crim. Non-cog. Index
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Note: The graphs above show the correlation of the life-risk score with the criminal history score and with the index
of crime-oriented attitudes and non-cognitive traits respectively. All three measures are from the examination taken
immediately before entry to the facility.
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Figure 2: Differences in means

1yr re−incarceration rate

(a) Comparing 1 year re-incarceration rates for those above/below the median in measures of aggression, anti-societal
attitudes, impulsivity, social skills and consideration for the future
Aggression
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(b) Comparing 1 year re-incarceration rates for those above/below the median in life-risk score, criminal history score,
an index of crime-oriented non-cognitive traits (taken at both entry and exit) as well as by total number of prior
felonies
LifeRisk

CriminalHistory

CrimeNoncogEntry

CrimeNoncogExit

PriorFelonies
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(c) Comparing scores on an index of crime-oriented non-cognitive traits for those above/below the median in various
life-risk factors: unstable family lives, abuse/trauma, school problems, drugs and alcohol, gang affiliation. The index
has been normalized.
UnstableFamily
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SchoolProblems
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Note: The top graph shows how various non-cognitive measures predict recidivism. The middle graph shows how
the life-risk score, the criminal history score, the crime-oriented non-cognitive index, and the number of prior felonies
predict recidivism. The bottom graph shows how various life-risk factors predict crime-oriented non-cognitive traits.
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Figure 3: Distribution of the life-risk and criminal history score
(a) Risk Density by Security of Facility (b) CH Density by Security of Facility
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Note: The above graphs show the distribution of the life-risk and the criminal history score by the security level of
the incarceration facility. The lower security facilities correspond with shorter sentence lengths and less restrictive
physical spaces.
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Figure 4: Functional Form and Heterogeneity
(a) Distribution of Risk Score Divided into Bins

(b) Peer Risk Level and Felony Conviction
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(d) Peer Risk and Crim. Noncog. by Gender
●

●

0.00

●

Sig level
● Not Sig
.10
.05
.01

●

●
●
●

−0.25

Female
Boys
Girls

●

0
Coefficent

Coefficent

0.25

●

−1

●

Sig level
● Not Sig
.10
.05
.01

●

●

●

Female
Boys
Girls

−0.50

0−3

4−5

6−7 8−9 10−11 12−18
Peer Risk Level

0−3

4−5

6−7 8−9 10−11 12−18
Peer Risk Level

Note: Figure 4a shows the distribution of the risk score; the vertical dotted lines delineate six bins. Figure 4b shows
the coefficients from a regression of felony conviction on the fraction of peers in each of the six bins. Figure 4c shows
the coefficients from a regression of felony conviction on the fraction of peers in each bin interacted with two dummies
for gender. Figure 4d shows the coefficients from a regression of the crime-oriented non-cognitive index on the fraction
of peers in each bin interacted with two dummies for gender. The fraction of peers with risk score between 6 and 7 (for
males only in figures 4c and 4d) has been dropped from the regression and is represented by a 0 in the figure. Felony
conviction is a dummy variable and the crime-oriented non-cognitive index has been standardized. Each regression
includes the full set of covariates and fixed effects as described in section 5.
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