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Introduction

The United States criminal justice policy has historically relied on sanctions to enforce compliance.
While the objectives of criminal justice policy are complex and multifaceted, much policy debate
and research focuses on the efficacy of sanctions (e.g., Kuziemko, 2013; Aizer and Doyle, 2015;
Bhuller et al., 2020; Rose and Shem-Tov, Forthcoming). Sanctions became increasingly punitive
beginning in the late 1970s, leading to large increases in correctional populations (Raphael and
Stoll, 2013; National Research Council, 2014). These policies had disparate impacts and generated
large racial disparities in incarceration rates (Neal and Rick, 2014; Lofstrom and Raphael, 2016).
Recent years have seen an effort to dial back the severity of punishments and use alternatives
to prosecution to reduce correctional population without impacting public safety (Mueller-Smith
and Schnepel, 2020; Rose, 2020). Alternative programs for juveniles might be especially effective,
given the strong correlation between age and criminal involvement (Hirschi and Gottfredson, 1983;
Ulmer and Steffensmeier, 2014).
Restorative justice conferencing is an alternative that emphasizes accountability through repairing harm rather than imposing sanctions. While not always used instead of traditional prosecution
(Strang et al., 2013), several countries and jurisdictions throughout the U.S. have experimented
with this alternative prosecution path (Sherman et al., 2015a). Restorative justice programs typically involve a structured conference involving the victim, the accused, and supporters of both
parties, followed by an agreement whereby the accused makes amends for the crime through a
mutually agreed-upon set of actions. The process involves the individual charged with the offense
taking responsibility for their actions and engaging in dialogue with the victim(s), as well as family and other community members, about the impact of their actions. The current evidence on
the effectiveness of restorative justice programs in reducing recidivism is mixed (Wilson et al.,
2018). Research evaluating such programs in the U.S. has relied mainly on observational methods.
However, a key challenge is that participation in these programs is not random, and correlated
unobservables are a likely threat to the identification of causal relationships.
This paper studies “Make-it-Right” (MIR), a restorative justice conferencing program implemented in San Francisco for teenagers charged with felony offenses of medium severity (e.g., burglary, theft, assault). Eligible cases were randomly assigned to either the MIR program (treatment
group) or a regular felony prosecution (control group). Youth assigned to treatment were offered the opportunity to participate in the restorative justice program run by the organization
Community Works West (CWW) instead of standard case processing and prosecution. Successful
completion of the program results in the charges being permanently dismissed.
The program’s target population is high risk youth: 43 percent of control group members
are rearrested within six months and 75 percent are rearrested within four years of treatment
assignment. We estimate the intent-to-treat (ITT) and treatment-on-the-treated (TOT) effects of
the program on recidivism in the four years subsequent to randomization. We find that MIR has
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large crime-reducing effects. Juveniles assigned to MIR are less likely to be subsequently arrested
for any reason, for felonies, or for more severe offenses. Correspondingly, after treatment, juveniles
are also less likely to be convicted in the future. The effects of the program are large. Youths
assigned to MIR were 19 percentage points less likely to be arrested for another offense in the
six months after randomization. This estimate represents a 44 percent reduction relative to the
rearrest rate among the control group of 43 percent. Moreover, the reduction persists even years
after randomization. Those assigned to MIR are 15 percentage points (20 percent) less likely to
be rearrested within three years and 27 percentage points less likely (32 percent) after four years.
Among those assigned to MIR, 81 percent enrolled in the program, and 53 percent completed
it. Accounting for imperfect take-up of treatment magnifies the results. Two-stage least squares
(2SLS) estimates of the TOT with respect to enrollment and completion are roughly 1.3 and 1.9
times larger than the ITT effects.
Next, we compare the recidivism rates among the MIR control group and the full population
of juveniles arrested for felony offenses in San Francisco between 2010 to 2020. Although eligibility
to MIR was not random (e.g., there are restrictions based on criminal history, gang affiliation, and
type of offense), the MIR control group’s rearrest rate is similar to that of the entire population
of juveniles with felony arrests in San Francisco. Adjusting for differences in observable covariates
using propensity score reweighting, the control group’s rearrest rate is slightly higher. Thus, the
MIR experimental population is not a selected low-risk population. The similarity in risk between
the experimental population and the broad population of juveniles arrested for a felony offense
suggests that our experimental estimates may be predictive of the effect of expanding the program
to the wider pool of juvenile cases.
Finally, we investigate the mechanisms through which assignment to MIR impacts recidivism.
MIR has two essential components: the restorative justice conferencing itself and diversion from
felony prosecution. As a diversion program MIR impacts case outcomes. Specifically, among
youth assigned to MIR only five percent of the cases result in a felony conviction relative to 18
percent in the control group. To distinguish between MIR’s effects through restorative justice
conferencing from any effects that are mediated through impacts on avoiding a felony, we restrict
attention to youth who have not been convicted of a felony offense due to the charges against
them. Individuals whose case results in a felony conviction are likely those of equal or higher
risk of recidivism. Among the control group, 20 percent of cases will result in a felony conviction
relative to five percent in the treatment group. Thus, removing these cases drops more individuals
of potentially higher recidivism risk from the control group. Nevertheless, in this restricted sample,
the impacts of MIR on recidivism are similar to those in the full and non-restricted experimental
sample. The relatively muted impact of the diversion component of MIR suggests that fostering
empathy and dialogue with the victim are a driving force for MIR’s large recidivism-reducing
effects. Moreover, it supports the hypothesis that the interaction with the victim during the
restorative justice conference is a transformative experience for the youth.
2

Our results contribute to a broad literature across the social sciences on the determinants of
criminal behavior. Previous studies document that individuals’ criminal behavior is influenced by
punishment severity and swiftness (Drago et al., 2009; Hjalmarsson, 2009; Abrams, 2012; Aizer
and Doyle, 2015; Davidson et al., 2019; Eren and Mocan, 2021), the likelihood of being caught
(Di Tella and Schargrodsky, 2004; Blanes i Vidal and Mastrobuoni, 2018), the economic rewards
of the crime (Draca et al., 2019; Kirchmaier et al., 2020), neighborhoods and peers (Ludwig et
al., 2001; Kling et al., 2005; Damm and Dustmann, 2014), and opportunities in the labor market
(Bushway, 2004; Raphael, 2014; Yang, 2017; Agan and Starr, 2018; Schnepel, 2018; Britto et al.,
2020; Doleac and Hansen, 2020; Rose, 2021; Khanna et al., 2021).1 However, little is known about
whether or not criminal behavior can be influenced by less punitive interventions that use self
reflection and empathy to directly change a youth’s decision-making.
Two related studies investigate the effects of cognitive-behavioral therapy (CBT) on anti-social
and criminal behavior. Heller et al. (2017) conduct a randomized controlled trail (RCT) among
youth in Chicago and show that CBT changes a youth’s decision-making, reduces criminal behavior,
and increases high school graduation. Blattman et al. (2017) conduct an RCT in Liberia recruiting
high-risk men aged 18-35. They find that CBT reduces anti-social behavior. However, the effects
dissipate and are not significant after a year unless combined with a monetary grant. Our analysis
complements these findings by showing that similar to CBT, interventions that appeal to one’s
sense of responsibility (and perhaps shame) and, unlike CBT, specifically encourage pro-social
behaviors have the potential to reduce recidivism. Our findings are especially encouraging when
considering that our sample is comprised of high-risk juveniles charged with felony offenses of midlevel severity (e.g., burglary, assault) and not those charged with only minor offenses. Through
the lens of Becker (1968), both MIR and CBT-type interventions do not change the economic
incentives individuals are facing (i.e., the costs and benefits from criminal behavior); rather, they
influence the individual’s decision making (i.e., preferences) while holding the setting fixed.
We also contribute to the growing literature that evaluates the efficacy of different diversion
programs aimed at addressing the needs of those who become involved with the criminal justice
system. Such diversion programs range from courts focused specifically on the treatment of defendants with severe mental illness (Cuellar et al., 2006), to drug courts that focus on compliance
with substance use disorder treatment, sobriety, and recidivism (Mitchell et al., 2012), to specialty
court focusing on the needs of specific populations such as veterans or domestic violence cases
(Owens et al., 2021). Two recent studies use different sources of exogenous variation to identify
the effects of diversion on recidivism. Augustine et al. (2021) exploit quasi-random assignment to
judges and Mueller-Smith and Schnepel (2020) leverage natural experiments associated with shifts
in diversion policy. Both studies find evidence that diversion programs reduce recidivism.
1
A growing recent literature also finds that parental criminal involvement can impact children’s’ likelihood of
interacting with the criminal justice system (e.g., Bhuller et al., 2018; Dobbie et al., 2018; Huttunen et al., 2019;
Arteaga, 2020; Norris et al., 2020).
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Although related, restorative justice conferencing is fundamentally different than common diversion programs as it presents an alternative approach to addressing the harms caused by a
criminal incident. For instance, the conference gives the victim an active and prominent role.
Moreover, in our setting, we show that MIR’s large recidivism-reducing impacts are not mediated
by its effects on avoiding a felony conviction (through its diversion component). Thus, our findings
suggest that fostering dialogue (and perhaps empathy) between the victim and the accused can
have meaningful long-term effects.
The remainder of this paper is organized as follows. Section 2 describes more in detail restorative justice practices and reviews the previous literature on such interventions. Section 3 describes
the institutional setting, data sources, and summary statistics. Section 4 describes our empirical
strategy. Section 5 presents our main findings and additional analyses regarding the external validity of the estimated effects of MIR. Section 6 discusses the potential mechanisms driving our
results. Finally, Section 7 concludes.

2

Restorative Justice Conferencing:

Theoretical Back-

ground and Empirical Evidence
In this section, we begin by briefly describing the theoretical considerations behind the current
sentencing system in the U.S. and some of its drawbacks. We then explain what restorative justice
is and its theoretical motivation. Lastly, we discuss the existing empirical evidence on the efficacy
of restorative justice interventions in reducing recidivism.

2.1

The Current System of Punishment

Criminal justice policy and practice in the U.S. has historically been structured around several
normative criteria. Consequentialist policy focuses on creating an enforcement and punishment
architecture in service of deterrence, incapacitation, and rehabilitation. Policy levers devoted to
increasing the likelihood of detection and the swiftness and/or severity of sanction are used to
minimize criminal offending, often with an eye to the fiscal and social costs of exercising these
policy levers. On the other hand, retributivist sentencing focuses on the moral content of the
criminal offense, the degree to which the offense violates community norms, and the punishment
proportional to the degree of harm caused by the offense, broadly defined. Retributivist theory
focuses on the actions and autonomy of the individual, and the reaffirmation of community values
by delivering through sentencing the “just deserts” merited by the violation of community norms.
These alternative normative approaches to criminal sanctioning are in some instances complementary, but are often in conflict. For example, lengthy prisons sentences that incarcerate people into
advanced ages who commit serious violent offenses in their youth may be justified based on the
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gravity of the crime, but may not be justifiable in terms of deterrence and incapacitation (especially
during the latter years of a sentence).
Despite their different objectives and at times prescriptions, these two normative approaches
to criminal justice are firmly nested within policy approaches to criminal offending based almost
entirely on sanctioning. Case adjudication centers around the actions and rights of the accused.
Accountability, pursued in the name of either restributivist or consequentialist objectives, is enforced primarily through the severity of the sanctions issued.
Standard criminal case processing in the U.S. rarely addresses the underlying factors that contribute to one’s propensity to criminally offend, or more generally, to have frequent interactions
with law enforcement. For example, there is ample evidence of substantial overlap between individuals charged with and convicted of criminal offenses and individuals who have been victimized in
the past (Sampson and Lauritsen, 1990; Berg et al., 2012). Moreover, the criminal justice system
often fails to center the experiences and needs of crime victims. Criminal offenses are framed as
crimes against the community or state, with the actual victim serving primarily as a witness. While
convicted offenders can be ordered to pay some form of restitution and victims may seek redress
through civil litigation beyond the criminal case, standard processing has very little restorative
content from the victim’s viewpoint beyond metaphorically making the accused pay for the harm
they have caused.

2.2

Restorative Justice

Advocates of restorative justice argue for the direct involvement of the harmed and a fuller consideration of the factors contributing to the behavior of the person committing the harm. Such
advocates argue that criminal cases can be adjudicated in a manner that builds greater empathy
for the victim and appreciation of the consequences of one’s actions while simultaneously improving the well-being and satisfaction of victims. As summarized by Umbreit and Armour (2011),
adversarial criminal case processing focuses on establishing what laws have been broken, who broke
them, and what punishment the person(s) responsible deserve(s). By contrast, restorative justice
systems focus on establishing who has been harmed, what needs to occur to restore the welfare of
the harmed, and who is obligated to make the restoration.
While restorative justice programming can take many forms, in criminal justice settings it
usually involves direct conferencing between the person responsible for the criminal offense and
the person who has been harmed.2 Restorative justice conferences can occur in addition to standard
criminal processing (Angel et al., 2014) or in lieu of criminal processing (as in MIR). The process
2

Sherman and Strang (2007) discuss several alternative incarnations of restorative practices including direct
conferencing, conferencing through third-party mediation, and the payment of restitution. The authors note the
long history of restorative practices in response to criminal offense throughout the world, and the influence of the
practice of indigenous cultures (e.g., the Maori in New Zealand, Native Americans in the United States) in informing
conventional thinking about restorative justice.
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may involve a direct discussion between victim and perpetrator of a specific offense (McGarrell,
2001) or the conference may be between individuals who have committed and have been harmed by
specific offenses but not involved in the same incident (Fulkerson, 2001). Conferencing requires the
consent of both the harmed as well as the person who committed the offense, and typically requires
that the offender acknowledge their culpability. To date, much experimentation has occurred
in juvenile justice settings. These settings are seen as early opportunities for alternative case
processing that may prevent or reduce adult criminal offending.3 Moreover, while these methods
have a longer history of application in juvenile settings and for less serious offenses, some countries
have experimented with application to more serious criminal cases, including domestic violence
(Strang et al., 2002).
A restorative justice conference usually begins with a statement by the person accused of the
crime, followed by an opportunity for the harmed party to directly address the accused. Conferences also typically incorporate supporters of both the harmed and the accused, with everyone
involved permitted to communicate openly about how the offense impacted their well-being. Supporters often include family members and friends; in juvenile justice settings the family support
system almost always includes a parent or guardian. Conferences close with an agreement phase,
whereby the victim and the person who committed the offense agree to a plan of action that the
person will undertake to restore the welfare of the harmed. The actions can include writing formal letters of apology, paying restitution, agreeing to specific community service, and/or tailored
actions of good faith.4
Restorative justice has its origins in a theory of shaming in criminal justice practice first articulated by Braithwaite (1989). Braithwaite posits two forms of shaming for those who commit harm.
Stigmatic shaming permanently associates the criminal offense with the character of the individual
who committed the offense and thus creates separation between the individual and society. By
contrast, reintegrative shaming separates the offense from the individual, effectively condemning
the action but offering the person a path back into the community through the acknowledgement
of responsibility and efforts to make amends. While modern incarnations of restorative justice
tend to emphasize restoration over shaming, most do require that the person who committed the
offense take responsibility for their actions. Moreover, through direct communication during the
conference, the person who committed the offense is typically confronted with the consequences
of their actions not only for the victim, but often by the victim’s family and friends, and even
members of their own family. In theory, this process should not only engender greater empathy for
the person harmed, but will also make the accused more mindful and aware of how their actions
3

The U.K. has also experimented with adjunct restorative justice conferences in adult corrections (Shapland et
al., 2008).
4
The authors observed a presentation of the service provider for MIR, CWW, to the San Francisco Sentencing
Commission that highlighted a case where it was revealed during the conference that the youth who committed an
offense was a talented muralist and the victim a lover of Disney characters. An element of the action plan from
the conference was that the youth would paint a mural of the harmed party’s favorite character in her apartment,
a provision of the agreement on which the youth willfully and enthusiastically followed through.
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impact others. Beyond the impact on the person causing harm, many hypothesize that the ability
to conference directly with the person causing harm and the efforts towards sincere restoration
minimize the trauma suffered by victims and permit them to move on with their lives to a greater
degree than would otherwise be possible.

2.3

The Empirical Evidence on the Efficacy of Restorative Justice
Conferencing

While there have been only a handful of small-scale restorative justice programs in the U.S. juvenile
justice system, restorative justice is a key component of juvenile justice in New Zealand (Ministry
of Justice, 2004) as well as a standard juvenile diversion alternative used in Australia (Little et al.,
2018) following a decade of experimentation (Strang et al., 2013). The U.K. has also experimented
with restorative justice interventions, usually in addition to standard criminal case processing
rather than as an alternative (Shapland et al., 2008).
The existing evaluation research focuses both on victim outcomes (usually measures of satisfaction, or post-incident indicators of trauma) as well as measures of recidivism among those
who committed the offenses. The extant body of research generally finds that restorative justice
programs are well received by victims and may help alleviate post-traumatic stress symptoms
(McCold and Wachtel, 1998; McGarrell, 2001; Angel et al., 2014; Brooks, 2013; Sherman et al.,
2015b).5
In contrast to findings regarding the effects on victims, evidence on the impacts of restorative
justice interventions on recidivism is less conclusive. In a relatively recent review, Livingstone
et al. (2013) highlights there is “currently a lack of high-quality evidence regarding the effectiveness of restorative justice conferencing for young offenders” and more research is needed. The
Australian experiments reviewed by Sherman et al. (2015b) find some evidence of a reduction in
repeat offending, especially for offenses that involved a victim. There is some weak evidence in
sub-group analyses of increased offending, though the estimates are underpowered and appear to
be exploratory. In conjunction with the experimental evidence from the U.K., existing research
seems to indicate larger crime-mitigating impacts when applied to individuals who have committed more serious offenses (Sherman and Strang, 2007). Moreover, Bonta et al. (2002) provide an
observational evaluation of a restorative justice program conducted in the 1990s and find large reductions in recidivism. However, the findings could be driven by selection in treatment assignment
5

Fulkerson (2001) studies an offshoot of restorative justice conferences on domestic violence victims. The author
investigate the effect of victim impact panels (VIPs) in domestic violence cases in Arkansas. VIPs permit crime
victims to directly address offenders, usually as a group, in a safe and secure and environment that is not restricted
by the formal procedures of a courtroom. Treatment subjects were asked to participate in a VIPs whereby a panel
of victims were given the opportunity to address a panel of offenders, with the one restriction being that victims
could not participate on a panel where the individual that victimized them was among the group of offenders being
addressed. While the study reports that most participants believed that the panels where helpful (both among
victims and offenders), no contrast is drawn with individuals assigned to the control group.
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and unobserved differences between the treated and control participants.
In the U.S., the evidence is mixed. First, the results of two RCTs from the 1990s are inconclusive. McGarrell (2001) and McGarrell and Hipple (2007) evaluate an RCT of a restorative justice
program in Indiana focused on young children (the average age is 12.5). They find meaningful
decreases in recidivism relative to a control group allocated to a diversion program. However, in
follow-up work examining the long-run effects of the intervention, they find that the intervention
affected neither the likelihood of a rearrest nor the time to a new arrest (Jeong et al., 2012).
McCold and Wachtel (1998) evaluate a family-group conference intervention in Pennsylvania and
find no evidence of reductions in recidivism after one year. However, the take-up among those
assigned to treatment was relatively low (roughly one-third for cases involving a violent offense
and one-half for property offense cases).
Second, in an observational study Brooks (2013) evaluates a restorative justice community
conferencing program focused on juveniles in Baltimore, Maryland. Brooks uses a propensity
score matching design to compare youth who participated in the program to observably similar
individuals who did not. Brooks finds higher recidivism rates among the participants of the
restorative justice program.
Our evaluation of the MIR program contributes to this literature in several ways. First, in our
setting, there are no observed or unobserved confounders to the restorative justice intervention since
assignment to the treatment and control groups was done at random. Moreover, the take-up was
high; 81 percent of those assigned to MIR enrolled in the program, and among those who enrolled 67
percent completed the program. These rates are especially high given that consent to participate
in MIR by the accused was not an eligibility requirement for inclusion in the randomization.
Second, unlike other restorative justice experiments where youth assigned to the control group
were funneled into various alternative diversion programs, control group members under MIR
faced traditional felony prosecution.
A key difference between MIR and most other experiments is that the accused is not required
to give their consent to participate in the RCT—that is, consent is not an eligibility requirement
for inclusion in the randomization. Therefore, the results from the ITT comparison takes into
account any non-participation due to lack of willingness on the side of the accused. Moreover,
effects for those who participated in MIR can also be recovered using 2SLS, as we discuss below.6
Thus, our ITT estimates capture exactly the policy-relevant estimand of comparing assignment
to a restorative justice intervention relative to a standard felony prosecution. Lastly, we find
economically meaningful and statistically significant estimates that MIR reduces recidivism both
in the short-run and in the long-run after four years from randomization. These findings are
informative to the current debate on whether restorative justice conferencing can reduce recidivism
or not.
6

The consent of the victim was a requirement for eligibility to be randomized, however, in conversations with
the handling juvenile prosecutor we have been told that all the victims consented.

8

3

Setting and Data

We begin by describing our data, the details of the MIR program, and the process by which juveniles
were randomized to either the MIR treatment group or a business-as-usual control group. We also
provide summary statistics on the MIR experimental sample and compare it to the full population
of juveniles arrested for a felony offense in San Francisco.

3.1

Data Sources

Our evaluation draws upon three data sources, all pertaining to criminal offenses occurring within
San Francisco. First, we were provided programmatic information on all youth who were part
of the MIR experiment. Programmatic data include information on whether the eligible youth
was assigned to MIR or the control group and information on MIR program participation. For
those who enrolled in MIR, we were provided information on key dates including enrollment date,
conference date, date of completion, and for those who did not complete the program, the date the
case was sent back to the office of the San Francisco District Attorney (SFDA). Second, we were
provided data on the universe of juvenile arrests for offenses occurring in San Francisco between
October 2010 and November 2020. The data includes a description of the offense (by penal code),
demographics such as sex, race, date-of-birth, name, and age at first criminal incident. These
records allow us to construct measures of criminal history for the youth participating in the RCT.
Third, we were provided with administrative records on all adults arrested and presented for a
charging decision in San Francisco between October 2010 and November 2020. Given that some
of the youth in the experiment turn 18 shortly after the arrest for the offense associated with their
inclusion in the experiment, the adult arrests records are essential to construct accurate recidivism
outcomes.

3.2

The Make-it-Right Program

The SFDA piloted the MIR program at the end of 2013. The program diverts youth who have
been arrested for certain felony offenses to a restorative justice conferencing program. Conferencing
involves facilitated, community-based conversation between the involved minor, their family, the
person harmed, and a community representative, leading to an agreed-upon plan for addressing
that harm. The SFDA permanently drops the criminal charges for youth who successfully complete MIR, and, therefore, these juveniles will not have a conviction for this case on their record.
Importantly, MIR is a pre-charging diversion program. Eligible youth are randomized to either
the treatment or control groups after the juvenile prosecutor reached the decision to file charges
but before charges have been filed. Thus, all the individuals in the control group will face criminal
charges and youth assigned to MIR but who did not complete the program will also automatically
face criminal charges.
9

Eligibility criteria. The program is targeted at juveniles 13 to 17 years of age charged with
medium-severity felony offenses such as the unlawful taking of a vehicle, grand theft, burglary, or
assault. Thus, the sample of eligible youth includes only those arrested for felony offenses, though
the program potentially makes exceptions for youth classified as repeat misdemeanor offenders.
To be referred to the program, the youth must be a resident of San Francisco County or Northern
Alameda County, must have no prior 707(b) arrests or sustained petitions.7 In addition, the youth
must not have caused moderate or significant injuries to the victim, cannot be affiliated with a
gang, cannot have used a weapon, and the minor cannot be currently under probation supervision
or in detention.8
MIR was intended to be a relatively small pilot: SFDA expected to enroll no more than
25 individuals per year. In practice, the number of eligible youth and enrollees was lower than
expected. One reason for this is the steady reduction in juvenile crime in San Francisco, which
affected the overall volume of cases. In total, the MIR RCT lasted 5.5 years and included 99
participants in the restorative justice treatment group and 44 participants in the control group at
the time it concluded in May 2019.
Randomization Procedure. The SFDA’s Office designed and led the implementation of
the MIR RCT; the research team was not involved in devising nor implementing/monitoring the
randomization process. The SFDA used block randomization to create treatment and control
groups, with individuals randomized at the case level, which corresponds to individuals except
for cases involving co-defendants. The randomization process was designed to separate the actual
assignment from the prosecutor in charge of the program. Specifically, once a case was deemed
eligible, it was sent to a paralegal not involved with the program and unrelated to the juvenile
prosecutor, who consulted a prepared list of assignments, selected the next available assignment
and then communicated the assignment back to the juvenile prosecutor.9
The MIR program. Table 1 provides a concise description of the MIR program, its activities,
and each of its steps. Once assigned to treatment, CWW, a non-governmental organization located
in Oakland, California, specializing in restorative justice, assesses the youth’s ability to participate.10 If the youth is deemed unsuitable, the case is referred back to the SFDA for traditional
7

707(b) offenses are those that would count as a strike under California’s three-strikes for juveniles 16 and over,
for example, violent felonies such as kidnapping or robbery.
8
These requirements ensure that an eligible youth does not have any other pending cases; otherwise, they would
be either on probation supervision or in detention. Moreover, if the youth is rearrested for a new offense, then either
their participation in MIR will be stopped, or the new offense will be merged with the original one for which the
youth was assigned to MIR. Thus, by construction, youth randomized into MIR will not be a part of any criminal
justice proceedings during their participation in MIR.
9
Initially, the SFDA randomly assigned 50 percent of eligible individuals to MIR. Shortly after commencing the
experiment, the SFDA discovered that the number of youth eligible for MIR was lower than initial estimates as
overall juvenile crime and incarceration in the County was decreasing. The assignment probability to treatment
was thus altered to 0.7 in May 2014 (six months after the pilot date).
10
The SFDA sought consent from all victims before randomizing eligible youth. The assistant district attorney
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prosecution. An essential requirement for participation is that the youth demonstrates reflection
and accountability for his/her actions. Minors and their parents may decline to participate, effectively opting for the case to be referred back to the SFDA for prosecution. For cases that proceed
to conferencing, CWW does all of the pre-conference planning involving the youth (referred to as
the responsible party), the victim (harmed party), and any other individuals who will take part
in the conferencing (such as parents and/or supporters of the harmed and responsible parties).
Moreover, CWW also mediates the conference. Post-conference case management and compliance
monitoring is managed by the Huckleberry Youth’s Community Assessment and Resource Center.
Youth who fail to follow through with the program have their cases referred back to SFDA for
prosecution.
Juveniles in the control group continue through the traditional juvenile justice process. They
are charged and prosecuted in juvenile court, with the minor being supervised by the JPD during
the trial. While some minors are detained while their case is processing, most are supervised in
the community using electronic monitoring or day reporting centers.
Figure 1 depicts the flow of cases through the two treatment arms. In total, 143 cases were
deemed eligible and randomly assigned, with 99 (69.2 percent of study subjects) assigned to the
treatment group and 44 assigned to the control group (30.8 percent). Youth assigned to MIR
either enroll in the program or are deemed unsuitable (e.g., when refusing to assume responsibility
for their share in the incident). The take-up rate was quite high, with 80.8 percent of those
assigned to MIR enrolling in the program. This contrasts with the earlier restorative juvenile
justice experiments in the U.S. that we review above. The relatively higher take-up rate may reflect
the fact the MIR enrolls youth charged with relatively serious offenses (all felonies) relative to the
requirements of lower-level charges for eligibility in prior experiments, and who face prosecution
and potentially severe sanction as the alternative to participation in conferencing. The process
of enrolling into MIR was relatively quick. On average, juveniles waited 15 days and the median
waiting time was 21 days.
Among those enrolled in MIR, 66.7 percent completed the program and ultimately had their
cases dropped. The average and the median duration of the program (time between enrollment
and completion) were six months. Overall, 52.5 percent of those assigned to MIR completed
the program. Thus, while most youth assigned to MIR completed the program, a non-negligible
portion did not. Multiple reasons can lead to this result. For example, the accused and the victim
did not reach an agreement during conferencing, or the youth did not fulfill the agreed contract
with the victim.
In what follows, we present the final evaluation of the MIR program that makes use of the full
sample of juveniles randomized to the program between 2014 and 2019.11
in charge of the program from its start informed us that all victims consented to have their case included in the
study.
11
In an early analysis of the program we study, Huntington et al. (2017) provide a preliminary outcome evaluation
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3.3

Summary Statistics

Table 2 presents summary statistics for the different groupings of juveniles randomized under the
MIR experiment and for all juveniles referred to JPD for felony offenses from October 2010 through
November 2020. The first column presents average characteristics for youth assigned to the control
group, while the second and third columns present summary statistics for all youth assigned to
MIR, and youth who enrolled among those assigned to MIR (compliers), respectively. The final
column presents descriptive statistics for all juveniles referred to JPD for felony offenses.
Comparisons of the averages for the treatment and control group reveal that random assignment
yielded balance on most observable characteristics. While there are a few differences, an F-test
of the overall significance of a regression of a treatment dummy on the covariate list yields a pvalue of 0.7. Roughly 90 percent of youth in the study are male, approximately half are Black,
and one-third are Hispanic. Average age at arrest is 16, though age at first arrest is lower for
both groups (14.75 for the control group and 15.2 for the treatment group). Around one-fourth
of the treatment and control groups have a prior arrest in San Francisco. However, prior arrests
for felony offenses are less common (7 percent among the control group and 14 percent in the
treatment group). Moreover, the average number of prior arrests is low among both the control
and treatment groups, 0.7 and 0.37, respectively. Although there are some minor differences
in balance, adjusting for covariates does not change our estimates as we discuss in Section 5.3.
Moreover, any imbalances are not systematic; for example, individuals in the control group are
less likely to have a prior felony arrest; however, they have more prior arrests on average.
Next, we describe the type of offenses youth in MIR are typically facing. The most common
charge is felony theft (64 percent of the control group and 66 percent of the treatment group),
followed by burglary (approximately 40 percent) and felony assault (roughly 14 percent).12
The final four rows present means for a predicted recidivism (defined as a subsequent arrest
in San Francisco) variable for the control and treatment groups. To generates these predicted
values, we use auxiliary data on the entire sample of youth arrested for felony offenses between
2010 and 2020 not including youth who participated in the RCT. We estimate an OLS model
where the dependent variable is an indicator for a rearrest for any new offense within t months
of the controlling incident. The explanatory variables include all of the covariates presented in
Table 2. We then use the estimated parameters from this model to generate predicted recidivism
probabilities for each youth in the MIR treatment and control groups. Appendix B describes
in more detail the construction of the predicted recidivism variables. Roughly 30 percent of the
treatment and control groups are predicted to be arrested on a new offense within six months,
of the MIR program. This earlier intervention was severely under-powered, and focused largely on reviewing
comparable experiments, thinking through the decision of whether to continue the experiment, and some very
preliminary outcome comparisons. Our analysis was completed independently of this effort, based on separately
procured data extracts, and a completely independent process of data pre-processing and analysis.
12
Note, the charge proportion sum to greater than one since a given case is often associated with more than a
single charge.
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with predicted felony recidivism rates of approximately 20 percent for both groups.
Comparison of the means in Columns (2) and (3) suggest that youth assigned to the MIR
program and who also enrolled are indistinguishable from youth who do not take up (as can
be seen from the p-value of the joint F-test presented at the bottom of Table 2). Moreover, as
summary measures, the predicted recidivism probabilities both for any new offense and for felony
offenses are similar for compliers and never-takers (those assigned to MIR who did not enroll into
the program).13
Relative to the broader population of juveniles referred to JPD, described in Column (4), the
MIR youth are more likely to be male, somewhat less likely to be Black or Hispanic, are less likely
to have a prior arrest, and have a first arrest occurring at a slightly older age (approximately 15
vs. 14.23). Moreover, there are notable differences in the charge distribution, reflecting the MIR
eligibility criteria. Specifically, over a third of non-MIR juveniles are arrested for severe person
offenses (1.8 percent for homicide, 1.3 percent for a sex offense, and 34.1 percent for robbery)
compared with roughly two percent of MIR youth arrested for robbery. We also observe a higher
proportion of all JPD referrals involving a weapons offense relative to MIR youth. Finally, the
predicted recidivism measures are lower for the MIR youth.
To give more context on our setting and who are the individuals interacting in the restorative
justice conferencing, Appendix Table A.1 presents the demographic characteristics of the victim
(harmed party) and compares them to those of the accused (responsible party).14 A few patterns
are worth noting. First, the average age of the victim is 35, roughly double the average age of
the average accused youth. Second, the racial composition of the two groups is meaningfully
different, and in 79 percent of the incidents, the harmed party is of another race/ethnicity than
the responsible party. While most of the youth are Black and Hispanic, most of the individuals
in the harmed group are White and Asian. Females are also overly represented in the harmed
(victim) group, 41 relative to 11 percent among the responsible youth.

4

Empirical Strategy

Our empirical approach is straightforward given that individuals were randomized between assignment to MIR or the control group. Comparisons of mean outcomes among units assigned to
treatment and control regimes are sufficient to identify the ITT effect of being assigned to MIR
relative to felony prosecution (control regime). We begin with a set of empirical estimates that
compare mean outcomes of individuals assigned to MIR (the treatment) relative to those assigned
to control. We estimate the ITT effect using Equation (1) which describes the relationship between
13

In addition, the averages of 12-month any-recidivism and felony-recidivism predictions for the never-takers are
48.8 and 33.3 percent. These predicted recidivism values are slightly higher than the compliers means of 45.3 and
29.9 percent.
14
The information on the demographic characteristics of the victims in the MIR experimental sample (although
partial) was provided to us by CWW and was collected as part of the restorative justice conferencing process.
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assignment to MIR and the likelihood of being arrested on a new charge within t months from the
date of randomization:
Yit = γ0 + γ1 (Assigned MIR)i + it

(1)

where Yit ∈ {0, 1} indicates whether the youth is arrested on a new charge within t months. The
individuals in our sample have been randomized to MIR or the control regime in different dates
and hence we observe less individuals for longer time horizons. To exploit all the information in our
data we complement Equation (1) with Kaplan-Meier estimates of the failure function (defining a
failure as an arrest for a new charge).
In addition to the ITT analyses, we also estimate the TOT effect of participation in MIR,
by using the random assignment to MIR as an instrumental variable for whether or not a youth
enrolled into MIR. Equations (2) and (3) describe our 2SLS estimator:
Yit = β0 + β1 (Enrolled MIR)i + ηit
(Enrolled MIR)i = α + α1 (Assigned MIR)i + ξi

(2)
(3)

The 2SLS estimator from Equations (2) and (3) identifies the TOT under the LATE framework
assumptions (Imbens and Angrist, 1994; Angrist et al., 1996), as there is only one-sided noncompliance in our setting (Bloom, 1984).15 To quantify the magnitude of the estimated ITT and
TOT effects, we compare them to the control group complier mean (Katz et al., 2001).
Throughout our analysis, we report two types of p-values. The first is based on cluster-robust
standard errors, clustered at the case level. The second p-value is based on random permutations
of cases to placebo MIR and control regimes to generate the sampling distribution under the
sharp null hypothesis of no treatment effect (as was suggested by Young, 2019). This procedure is
known as randomization, Fisherian, or permutation inference and was first proposed by Fisher et
al. (1935).16
Finally, in our pre-analysis plan we specified that we will evaluate only one-sided hypothesis
tests pertaining to whether the MIR program reduced the likelihood of recidivism or not. This
choice was aimed to maximize statistical power given our small sample size.17 Pre-analysis plans
have been mentioned in the literature on research transparency and reproducibility as a tool to
increase statistical power by pre-specifying one-sided hypothesis (e.g., Olken, 2015).18 Given our
15

In our setting, these assumptions are likely to hold. Monotonicity must hold since all the individuals in the
control group did not participate in MIR. Exclusion is also likely to hold as assignment to MIR is unlikely to impact
recidivism except through participation in MIR.
16
It is common practice to report p-values based on randomization inference (e.g., Heller et al., 2017; GagnonBartsch and Shem-Tov, 2019; Young, 2019).
17
We submitted the pre-analysis plan before looking at the data and without knowing the exact sample size.
However, we knew its general range.
18
Another example is Christensen and Miguel (2018) who advocated the use of pre-analysis plans and mentioned
as one of their advantages the fact that they can allow researchers to specify their interest in one-sided hypothesis
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pre-specification choice of focusing on one-sided hypothesis tests, we are unable in this study to
test whether the program increases the likelihood of an arrest on a new offense among participants.
However, this is unlikely since the signs on all our estimated effects point towards reductions in
recidivism. Although we find no evidence that MIR increases recidivism, this is not always the
case. As we noted above, in some instances, prior experimental results from Australia (Sherman et
al., 2015b) revealed situations where restorative justice programs increased offending among some
individuals.

5

Main Results

We begin with ITT estimates by visualizing the recidivism patterns that we observe in the data
among individuals who have been randomly assigned to MIR and those assigned to the control
regime. Figure 2 presents Kaplan-Meier estimates of the failure functions depicting the relationship
between the probability of being rearrested on a new offense at least once and the number of
days since randomization took place over a four-year period.19 For both groups, the likelihood
of rearrests is quite high, with nearly half of the control group arrested within six months of
randomization and over 70 percent rearrested by the end of the four-year period. However, we
observe markedly lower rearrest rates among youth assigned to the treatment group. The difference
in the percentage ever arrested on a new offense reaches roughly 20 percentage points within six
months. It then fluctuates around this level for the remainder of the observation period (though
we should note, the number of observable individuals for the latter periods narrows to roughly half
of our sample).
Future arrests that result in a conviction are considerably less common for both the treatment
and control groups. Nonetheless, a sizable part of the control group is subsequently convicted: one
quarter is convicted for a new offense within six months of randomization, and over 40 percent
is convicted by the end of the four-year period. Thus, again, we see lower failure rates for youth
assigned to the treatment group, with about a ten percentage point gap opening up within six
months and remaining at approximately this level over the four-year observation window. Finally,
we examine the effects of MIR on measures of recidivism that focus only on more severe interactions.
Appendix Figure A.1 shows similar results when measuring recidivism as future felony arrests or
as future arrests for offenses that are at least as severe as the original charges for which the youth
in advance and, by doing so, increase the accuracy of statistical tests, “PAP [Pre-Analysis-Plans] bind the hands
of researchers and greatly limit specification searching, allowing them to take full advantage of the power of their
statistical tests (even making one-sided tests reasonable).”
19
Note, the last randomization occurred in October 2019, and we observe recidivism data through (including)
November 2020. Hence, we have at least 14 months post-randomization for all youth, but obviously longer periods
for youth randomized into the program in the early years. Figure 2 presents Kaplan-Meier estimates of the failure
function which are based on one minus the product of period-specific survival probabilities (through a given time
interval), implicitly assuming that the recidivism hazard function is stable across cohorts defined by randomization
date.
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was arrested. These findings show that MIR causes reductions in recidivism across a variety of
different measures, reducing both the likelihood of any future arrests as well as the likelihood of
arrests for relatively serious offenses.
We perform formal hypothesis tests for equality of the two cumulative failure functions using the standard non-parametric Peto-Peto-Prentice test (see Klein and Moeschberger (2006) for
a textbook description) and calculate p-values in two ways. First, a non-parametric inference
procedure based on asymptotic approximations (as is standard practice). Second, we use randomization inference and calculate the finite sample distribution of the test statistic from 1,000
random placebo permutations of the treatment assignment (also known as Fisherian or permutation inference, Fisher et al. (1935)). The top of Figure 2 reports the one-tailed p-value from these
tests. For all arrests (Panel (a)), both tests reject the null hypothesis of equal failure functions,
with the p-value from the randomization inference (p = 0.017) roughly 2.5 times the value based
on the standard non-parametric asymptotic inference (p = 0.0071).20 For arrests that lead to a
conviction (Panel (b)), we observe marginal significance (p = 0.072) based on the non-parametric
test and a p-value of 0.111 using randomization inference.
Table 3 presents our principal results. Each column presents model estimates where the dependent variable is an indicator variable equal to one if the youth is arrested on a new offense
within the time period indicated by the column heading (e.g., within 6 months, within 12 months
and so on). Panel (a) presents our 2SLS estimates of the TOT effect of participating in MIR on
subsequent rearrests. Along with each estimate, we report standard errors clustered at the case
level (in parentheses), the p-value from a one-tailed test of the null hypothesis of a non-negative
impact on recidivism against the alternative of a negative (i.e., crime reducing) impact based on
the standard error (in curly brackets), and the p-value from a comparable one-tailed test using
1,000 placebo permutations of the treatment assignment (in square brackets). Panel (b) presents
the ITT effects along with the comparable standard error and p-value calculations to those presented for the TOT estimates. Panel (c) presents the first stage results for the effect of assignment
to MIR on participation. Given that there is no crossing over from control to treatment in the
data, these first stage effect estimates are the proportion of youth who are assigned to MIR and
who comply and enroll in the program. Finally, at the bottom of the table we present averages of
the dependent variable outcome for the control group and for compliers under the control regime.
Before describing the effect sizes, we should note the high rates of rearrest observed among the
control group. 43 percent of control group members are rearrested within six months of random
assignment, 63 percent are rearrested within two years, and 75 percent are rearrested within four
years of assignment. The patterns in these average control outcomes highlight the fact that MIR
is having an impact on new arrest rates for youth who are at a very high risk of future contact
20

One reason for the fact that randomization inference yields larger p-values relative to the standard inference
formulas is that the Peto-Peto-Prentice test p-value does not take into account clustering at the case level in the
assignment to treatment. As we show in Table 3, once clustering is taken into account, randomization inference
and regular cluster-robust standard errors yield similar p-values.
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with the criminal justice system.
A second pattern to note is the high take-up rate. While the take-up rate varies slightly across
the time periods analyzed, it never falls below 73 percent (Panel (c) of Table 3).21 Again, this
stands in contrast to the juvenile interventions reviewed above where take-up rates are considerably
lower and we speculate that the relatively high take-up rate for MIR is likely driven by the fact
that the alternative is a felony prosecution.
The reduced form effects (i.e., the ITT effect estimates) indicate that assignment to MIR reduces the likelihood of rearrest by 18.9 percentage points within the first six months, 18.4 percentage point within the first year, and 14.4 percentage points within the first two years. Relative to the
control complier means, these effect sizes imply a 44 percent, 33 percent and 24 percent reduction
in recidivism, respectively. The overall effect sizes hold up if we measure rearrest within three years
of randomization (14.7 percentage points equivalent to 20 percent of the control-complier mean)
and widens for four years (26.7 percentage points equivalent to 30 percent of the control-complier
mean).
The final column models recidivism during the period 12 to 48 months post-randomization.
This additional outcome allows us to assess whether referral to MIR has longer term effects on
behavior beyond the immediate reduction in the likelihood of new arrest recidivism following the
conference. Within 12 months, 99 percent of those assigned to MIR completed or failed the program. The average and median duration of MIR is 189 days. The estimate in Column (6) indicates
that assignment to MIR reduces recidivism between years one and four post-randomization by 27
percentage points (equivalent to 37 percent of the control-complier mean). Regarding inference,
the p-values from the one-tailed tests indicate significance at the five percent (or less) level of
confidence for the six-month, 12-month, and 48-month outcomes, as well as for the outcome measuring recidivism one to four years after randomization. The p-values based on the randomization
tests are generally larger, though we still observe significance at the five percent level for the six
and 12-month outcomes and significance at the ten percent level for the 48-month and years one
through four outcomes.
Turning to 2SLS estimates, the TOT effects are generally 1.3 to 1.4 times larger than the
ITT effects. Relative to the control-complier means, the TOT estimates range from 30 percent
of the recidivism rate for the 24-month outcome to 54 percent of recidivism occurring within six
months and 51 percent of recidivism occurring in years one through four. The p-values of the
TOT estimates are significant at the five percent level for all of the outcomes except the 24-month
outcome (with a p-value of 0.0759) and the 36 month outcome (with a p-value of 0.0979). The
p-values from the randomization tests align with the regular p-values.
Finally, we discuss whether non-compliance (being assigned to MIR and not enrolling) is related
to recidivism propensities. Appendix Figure A.2 presents the cumulative failure functions for youth
21

Note, differences in sample size across models are the result of differences in the post-randomization time horizon
in which the youth is observed based on their date of randomization.
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assigned to the control group and those assigned to the treatment group but did not enroll in MIR
(the “never-takers”). The two curves are similar to each other, and a test for equality of the two
curves fails to reject the null hypothesis that the two are equivalent (p = 0.9485). Moreover, the
average rearrest rates at the bottom of Table 3 show that for all the outcomes, the control group
members and control compliers are quite close to one another, suggesting that non-compliance is
unrelated to recidivism propensities.

5.1

External Validity of the Estimated Effects

As discussed above, youth who are eligible to participate in the RCT are a non-random sample
(e.g., individuals affiliated with a gang are not eligible). However, one measure for external validity,
arguably the most important one, is recidivism rates. Figure 3 presents various comparisons of
the cumulative failure function for the MIR control group against the broader population of youth
referred to JPD for felony offenses. Here we present two cumulative failure functions for the all
youth sample: first, the cumulative failure function for all juvenile felony referrals and second,
the cumulative failure function after re-weighting all juvenile felony referrals to match the youth
in the MIR RCT in their predicted risk.22 Interestingly, the empirical failure function for all
JPD referrals without re-weighting looks quite comparable to the empirical failure function for the
control group. While the two groups have similar failure functions, the experimental sample have
lower predicted likelihood of recidivism. Thus, as expected, re-weighting all JPD referrals to match
the RCT in predicted recidivism yields a cumulative failure function that is somewhat below the
empirical failure function for the control group at all points. These findings indicate that the MIR
experimental sample might be negatively selected relative to the general population along certain
dimensions. Regardless, we cannot reject the hypothesis that the failure function for the control
group is equal to the unweighted cumulative failure function for all JPD felony referrals (for the
weighted failure function the differences are significant at the 10 percent level). Our results suggest
that the effects estimates presented above are likely valid for the broader population of youth who
are typically charged with felonies in San Francisco.
22

Specifically, we estimate a Probit model where the dependent variable is assignment to MIR and the regressors
are predicted recidivism covariate indices for being arrested on a new offense within 6, 12, 18, 24, 30, 36, 42,
and 48 months from when randomization took place (Section 4 and Appendix B describes the construction of the
predicted recidivism scores based on individual characteristics and auxiliary observational data). Next we re-weight
the cumulative failure function for all JPD felony referrals using the calculated
propensity score and the re-weighting
(
Pr(Ei =1|Xi )
1−Pr(Ei =1)
Ei = 0
1−Pr(Ei =1|Xi ) · Pr(Ei =1)
procedure proposed by Dinardo et al. (1996). Specifically, weighti =
, where
1
Ei = 0
Ei denotes whether individual i is in the MIR experimental sample or in the observational data on all felony
referrals.

18

5.2

The Effect of Enrollment vs. Completion of MIR

Our focus so far was on the ITT effect estimates of assignment to MIR and 2SLS estimates that
re-scale the ITT by the share of individuals who enrolled into the program (Equations (2) and
(3)). This section discusses an alternative 2SLS specification that re-scales the ITT based on the
share of youths who completed the MIR program rather than the share who enrolled in it.
According to the principles of restorative justice, meeting with the harmed individual and
completing the contract agreed with them can be transformative for the youth. A key question
is whether completion of the program is needed for it to have an effect. The summary statistics
in Figure 1 suggest that the ITT recidivism reducing effect of assignment to MIR is driven by
the individuals who completed the program. Specifically, youth assigned to MIR but who did not
enroll have rearrest rates within one year of 57.9 percent. This is similar to the 57.7 percent rate
of those who enrolled but did not complete the program. These rates are also similar to the 56.8
percent rearrest rate among the control units. However, among youth who completed MIR, the
rearrest rate is much lower (19.2 percent). These summary statistics suggest that it is plausible
that program completion is particularly important.
Table 4 reports 2SLS estimates of the TOT using an indicator for completing MIR as the
treatment of interest. The TOT effects are larger than when using enrollment since the first stage
(i.e., effect on completion) is smaller. Columns (1) and (2) report that completion of MIR reduces
the likelihood of a rearrest within six and 12 months by about 36 percentage points. Relative to
the control-complier means, these are reductions of 76 and 65 percent. The impacts on rearrests
along longer time horizons are also large and range from 38 to 56 percent.
What factors lead individuals who enrolled to complete the MIR program? Appendix Table A.2
compares the characteristics of individuals who completed the program relative to those who did
not (conditional on enrolling in MIR). A few patterns are noteworthy. First, in terms of the youths’
demographic characteristics, sex and age do not predict completion. However, Black youth are less
likely to complete the program than non-Black (mainly Hispanic) youth. Specifically, individuals
who completed the program are 35 percentage points less likely to be Black. Second, there is
suggestive evidence that individuals who are less likely to recidivate are completing the program
with higher likelihoods. They have lower predicted recidivism, fewer prior arrests, and were older
at their first arrest. Third, while youth who completed the program are generally less likely to
recidivate based on observables, they can still be individuals charged with serious offenses. For
example, youth arrested for an assault offense (the more severe type of crime in our sample) are
more likely to complete the program than not.
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5.3

Robustness Checks

5.3.1

Covariate Adjustment

To test the robustness of our difference-in-means comparisons to any finite sample imbalances in
covariates, we also present ITT and TOT effects estimates that adjust for any imbalances in the
predicted likelihood of a future arrest. To limit researcher degrees of freedom in deciding how
to adjust for covariates (e.g., which controls to includes in the model or not), we pre-specified
our procedure for conducting covariate adjustment with an eye on parsimony. The challenge is
that including all the covariates in the regression model can meaningfully reduce the degrees of
freedom since there can be many relevant variables.23 Instead, we follow an alternative approach
of adjusting only for a single summary index that can be viewed as a dimension reduction of
the relevant information from all the covariates into a single factor. Specifically, we calculate the
predicted likelihood of a future arrest using data on all the youth referred to JPD for felony offenses
who did not participate in the MIR RCT (i.e., Column (4) of Table 2). We use this auxiliary data
to estimate a simple OLS model where the dependent variable is an indicator of a future arrest for
a new offense and the controls include sex, race/ethnicity, number of past arrests, number of past
felony arrests, fixed effects for the category of the referral offense, age at arrest, and age at first
arrest. We then use the estimated model coefficients (estimated only using the auxiliary data) and
the covariates of study participants to generate the predicted likelihood of a future arrest and add
this summary index to our base specification. Appendix Figure B.1 shows that the predicted future
arrest index is highly correlated with the likelihood of a new arrest observed in the experimental
sample, and we cannot reject a coefficient of one. In Appendix B, we present a more detailed
description of this covariate adjustment procedure.24
Appendix Table A.3 presents the results. The table is structured similarly to Table 3 but
also includes the coefficient on the predicted recidivism index, which is a weighted average of the
pre-treatment covariates. The weights are determined by the degree to which each covariate is
predictive of the outcome in the auxiliary observational data on the full population of juveniles
arrested for a felony offense in San Francisco. While there are small changes in coefficients, the
results are very close to those from the models omitting the predicted recidivism index control
variable. Thus, any finite imbalances in covariates do not impact our treatment effect estimates.
23

For example, controlling for the broad category of the current offense, age and other demographics, number of
past offenses, number of past felony offenses, and the types of past offenses can result in a model with more than 30
covariates. Adding 30-plus covariates to the model in Equation (1) will have a meaningful impact on the number of
degrees of freedom. To avoid needing to choose which covariates to include in the model, we opted for the option
of controlling for a single index that summarizes the predictive ability of all the covariates as we describe in detail
in Appendix B.
24
This is the procedure used to calculate the predicted likelihood of new arrest averages presented at the bottom
of Table 2 and Appendix Table A.2. The idea of using auxiliary observational data to improve the accuracy of
experimental estimates has been proposed in other studies (e.g., Gagnon-Bartsch et al., 2020).
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5.3.2

Differences in Effects Across Cohorts

The analyses above are based on individuals who have been assigned to MIR between late 2013
and May 2019. Our long-run (i.e., four-year) effects on recidivism are estimated using the earlier
cohorts for which we have a longer time horizon to measure rearrests. While there is variation in
the time horizon that we observe a youth for post-randomization, for all the youth in our sample
we observe recidivism within at least one year from randomization. Next, we focus on rearrests
occurring within six months or one year, for which we have a balanced sample, and examine
differences across cohorts. Appendix Table A.4 reports 2SLS estimates with and without cohort
fixed effects. The estimated effects are almost identical with and without the cohort fixed effects.
Thus, in our balance sample the effects of MIR are similar across cohorts.
Lastly, in Table A.4, the coefficients on the cohort indicators are negative, indicating that, on
average, the rearrest rate is lower in the more recent cohorts. In Appendix Figure A.3, we compare
the rearrest rates of youth assigned to MIR in different time horizons (cohorts) and the control
group. The figure shows that the later cohorts assigned to MIR generally have lower rearrest rates
than the earlier cohorts. Thus, our findings suggest that the long-run effects would be at least
as large if we observed four-year rearrest rates for all of our samples and not only for the earlier
cohorts.
5.3.3

Robustness to Including or Not Including Arrests Due to Probation Violations

Our main measure of recidivism includes all rearrests including those that are the result of probation violations. As MIR can impact the case processing outcomes, using measures that include
technical probation violation might classify similar behavior by the youth as recidivism depending
on whether the individual is on probation. Moreover, whether one is on probation is impacted by
MIR given the higher conviction rate for control group members. Therefore, to show our results
are robust to the way recidivism is measured, we also report effect estimates using only arrests
that are caused by a new criminal incident. Appendix Figure A.4 shows that when including only
arrests for new criminal incidents, MIR has large and statistically significant recidivism-reducing
effects that are similar to those documented in Figure 2. Moreover, the 2SLS and ITT estimates of
the impacts of MIR (Appendix Table A.5) are similar to those reported in Table 3. These analyses
confirm that the estimated effects of MIR are not sensitive to the decision of whether or not to
measure recidivism using all rearrests or using only rearrests for new criminal incidents.
5.3.4

The COVID-19 Period

In this section we present a key robustness check pertaining to the overlap of the MIR observation
period and the COVID epidemic. Recall that study subjects are randomized into MIR through
October 2019 and our observations period extends through the end of 2020. Hence, many of the
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youth in the study have later observation periods that overlap with a time period when Californians
(and Bay Area residents in particular) were subject to stringent stay-at-home orders.
Appendix Figure A.5 presents Kaplan-Meier estimates of the failure functions by treatment
group where we have truncated the observation period for all youth to end at March 15, 2020.25
Note, this truncation causes us to lose sample, especially for the observation periods beyond 16
months post-initial arrest. Nonetheless, the patterns we observe here are similar to what we observe
for the failure functions using un-truncated observation periods. Large disparities in the failure
functions open up soon after the initial arrest and persist throughout the observation period.
Both inference strategies reject the null hypothesis of equal failure functions for the treatment
and control groups when we focus on arrests for any new offenses. For rearrests that result in a
conviction, treatment group members are still less likely to be convicted for a new offense relative
to the youth in the control group. Moreover, similar patterns also emerge when examining effects
on more severe interactions such as a rearrest for a new felony offense or rearrests for new offenses
that are as severe as the original offense.

6

Mechanisms

In this section, we discuss the potential mechanisms by which MIR may be impacting recidivism.
One hypothesis is that restorative justice conferencing is a transformative event that causes youth
to change their behavior. Furthermore, the meeting with the victim and the support the youth
receives throughout the process from the conference coordinator and the agreement monitor can
cause a lasting change in the youth’s behavior. For example, one of the program participants
describes “In conference, we talked about how the person was harmed and how I harmed myself.
I started to see things differently when I had to write a letter to myself about all the harm I
had done.” Moreover, interviews and discussions with CWW staff (e.g., conference coordinator)
reinforce the hypothesis that restorative justice conferencing is an emotionally impactful event for
the youth that can potentially cause lasting effects on their behavior.
In addition to being a restorative justice conferencing program, MIR is also a diversion program.
It diverts youth after the prosecutor decided to file charges but before charges have been filed. As
a diversion program MIR influences case outcomes. Table 5 compares the conviction and case
outcomes of individuals assigned to MIR relative to the control group. Panel (a) shows that
among youth assigned to MIR only five percent of the cases result in a felony conviction relative to
20 percent in the control group. Thus, assignment to MIR reduces the likelihood to be convicted
of a felony offense by 15 percentage points.
Previous studies found that among adults a felony conviction can increase recidivism and
25

On March 16, 2020 San Francisco and five other Bay Area counties enacted a strict shelter-in-place orders
that greatly reduced social interactions outside of the home and closed all in-person instruction in public schools
throughout the region.
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negatively impact labor market outcomes (e.g., Mueller-Smith and Schnepel, 2020; Augustine et
al., 2021). Next, we examine whether the impacts of MIR can be explained by the case not
resulting in a felony conviction. To do this, we restrict the sample only to individuals whose case
did not result in a felony conviction and among them compare the rearrest rate of youth assigned
to MIR relative to the control group. Importantly, restricting the sample only to cases that did not
result in a felony conviction biases us, if anything, against finding any effects of MIR. Individuals
whose case results in a felony conviction are likely of higher risk of recidivism (at least not of
lower risk), and 20 percent of the control group will have a felony conviction relative to only five
percent of the treatment group.26 Thus, removing these cases drops more individuals of potentially
higher recidivism risk from the control group. Figure 4 shows that even among this sub-sample,
youth participants assigned to MIR had a meaningfully lower likelihood of being rearrested both
in the first few months as well as after four years from randomization. Moreover, the differences
in rearrest rates between the two groups are statistically significant.
The results in Figure 4 show that even with this sample restriction to cases without a felony
conviction, the MIR participants still have lower rearrest rates, indicating that the effects of MIR
likely operate through its restorative justice conferencing component.27 Furthermore, the ITT
effects of MIR on the likelihood of being rearrested range from 14 to 27 percentage points, which is
meaningfully larger than the effects of MIR on the case not resulting in a felony conviction. Thus,
the primary channel for MIR’s recidivism-reducing effects is its conferencing component.
Another channel through which case outcomes can impact recidivism is the likelihood a youth
will be removed from their home. However, Panel (b) of Table 5 shows that there is no difference
in home removal rates among individuals assigned to MIR relative to the control group suggesting
that differential home removal rates also cannot explain our findings. There is also no evidence of
any type of differential “incapacitation” between the two groups.
Having established that restorative justice conferencing is the primary mediating channel for
MIR’s effects, we next discuss the potential channels through which it may be altering behavior.
One possibility is that the program changes an individual’s perspective, making them more aware of
their impacts on others, increasing empathy for those on the receiving end of a criminal offense, and
rendering the participant more deliberative, considerate, and self-reflective. Such an interpretation
is consistent with the findings in past research that restorative justice conferencing appears to
be most effective when the offense involves an identifiable victim (Sherman and Strang, 2007).
Moreover, the shame associated with facing a crime victim during the conference might provide a
more powerful deterrent than typical sanctions meted out through prosecution. Notably, a face26

Appendix Figure A.6 shows that among all the youth arrested for a felony offense, those who are eventually
convicted of a felony are meaningfully more likely to be rearrested in the future.
27
Agan et al. (2020) emphasize the importance of having any criminal history, even for non-violent misdemeanor
offenses, on the likelihood of recidivism. MIR diverts youth prior to charging but after an arrest took place. Thus,
both individuals in the control and treatment groups will have a criminal record of the initial arrest that took place.
The record of the arrest will still be visible to prosecutors in future cases (if the youth is rearrested). However, in
California juvenile arrests and proceedings (e.g., charges) do not show up in employment background checks.
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to-face meeting with the victim in which the youth listens to the harmful impacts of their actions
on others is an emotional event that can influence an individual in multiple ways.

7

Concluding Remarks

The MIR project randomized youth charged with select felonies to either prosecution as usual or
referral to a restorative justice alternative. Take-up rates for those assigned to the MIR treatment
were relatively high, especially compared to past restorative justice experiments. Assignment to
MIR causes a large reduction in the likelihood of future arrest, both in the immediate aftermath
of the initial arrest as well as up to four years following. We observe this for arrests overall and
for more severe felony arrests.
The large effects we observe for the MIR program raise questions concerning the mechanisms
that are driving the results as well as aspects of the MIR program that may make this a particularly
effective intervention. Beginning with the latter, there are two aspects of MIR that deserve further
discussion. First, the MIR program treated youth charged with more serious offenses that are
typically not eligible for similar restorative justice or diversion programs. It may be the case
that there is simply more opportunity to reduce the likelihood of future arrests even for juveniles
charged with serious offenses than generally understood or that interventions targeted at less serious
offenses may simply widen the net of the criminal justice system and apply an invasive intervention
to instances that do not merit such an intervention. Given the small scale of the experiment and
the relatively narrow range of offenses qualifying for the program, we cannot evaluate whether
effect size varies with risk of the individual (as defined by severity of controlling offense).
Second, unlike prior restorative justice experiments where youth assigned to the control group
were funnelled into various alternative diversion programs, control group members under MIR
faced felony prosecution. Moreover, treatment group members who declined to participate or who
failed to successfully complete MIR faced felony prosecution. We suspect that the high take-up and
compliance rates were driven by the deferred-adjudication structure of this intervention. However,
we do not have experimental variation in this particular aspect to evaluate this hypothesis.
To conclude, our findings show that juvenile restorative justice conferencing can reduce recidivism among youth charged with relatively serious offenses and be an effective alternative to
traditional criminal justice practices.
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Figures
Figure 1: Make-it-Right Assignment, Enrollment, and Completion Process and Distribution
SFDA juvenile
prosecutor decides
to charge a youth
with a felony

Eligible to MIR
N = 143

Assigned to MIR
(69.2%, N = 99):
Rearrest 6 months: 24.2%
Rearrest 12 months: 38.4%

Unsuitable to MIR
(19.2%, N = 19):
Rearrest 6 months: 42.1%
Rearrest 12 months: 57.9%

Randomization at
the case level

Not eligible to MIR

Felony prosecution
(30.8%, N = 44):
Rearrest 6 months: 43.2%
Rearrest 12 months: 56.8%

Enrolled in MIR
(80.8%, N = 80):
Rearrest 6 months: 20%
Rearrest 12 months: 33.8%
Med. days to enrollment: 15
Avg. days to enrollment: 21

Complete MIR
(66.7%, N = 52):
Rearrest 6 months: 11.5%
Rearrest 12 months: 19.2%
Avg. days to completion 189
Med. days to completion 189.5

Not complete MIR
(33.3%, N = 26):
Rearrest 6 months: 34.6%
Rearrest 12 months: 57.7%

Notes: This figure depicts the process through which youths are assigned to the Make-it-Right (MIR) program.
The process starts with the San Francisco District Attorney (SFDA) office receiving a reference / charges from the
police or probation department regarding a youth. The SFDA juvenile prosecutor then decides whether or not to
charge the youth with a felony offense. Our starting point (grey circle) is when the juvenile prosecutor decided to
charge the youth with a felony offense. Then eligibility to MIR is assessed. If eligible, the youth is randomized
to either MIR or to the control group which faces a traditional criminal prosecution for a felony offense. After
being assigned to MIR the suitability of the youth to the program is being assessed by Community Works West
(CWW) who administrates the MIR restorative justice conferencing program. Among the individuals assigned to
MIR, 80.8% will be found suitable and continue to enroll in MIR and 19.2% will be determined as unsuitable and
will face a standard criminal prosecution for a felony offense. Among the youths who enrolled into MIR, 66.7% will
continue to complete the program and their charges will be permanently dropped upon completion. Another 33.3%
will not succeed to complete the program and will face standard prosecution for their felony offense. The figure also
reports the rearrest rates within six months and 12 months from the date in which youth are randomized into the
different treatment regimes.
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Probability of rearrested resulting in conviction
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H0: Equal dist. (MIR vs. Controls)
Pval=.0071; RI Pval=.017
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Figure 2: Recidivism Rates of Juveniles Randomly Assigned To Make-it-Right Relative to the
Experimental Control Group

0

Control
Assigned MIR

0.00

0.00

Control
Assigned MIR

H0: Equal dist. (MIR vs. Controls)
Pval=.0519; RI Pval=.078

100 200 300 400 500 600 700 800 900 100011001200130014001500
Days from eligibility

0

(a) Any rearrest from randomization
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Days from eligibility

800
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1000 1100

(b) A rearrest from randomization
that lead to a conviction

Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years from
the date of randomization between assignment to Make-it-Right (MIR) and the control group which faces traditional
criminal prosecution. Panel (a) plots Kaplan-Meier estimates for any rearrest and Panel (b) only counts rearrests
that resulted in a conviction. In both plots we report p-values from an hypothesis test for whether the failure
functions are the same among MIR participants and controls. We use the Peto–Peto–Prentice test for equality of
failure functions (for a detailed description see Klein and Moeschberger, 2006). We report two types of p-values:
“Pval” which is based on standard variance formulas and “RI Pval” which is based on randomization inference
using 1,000 simulations in which we randomly assigned cases to MIR and controls and calculated the distribution
of the test statistic under the null of no treatment effect. Both p-values are one-sided, rejecting the null hypothesis
that MIR is not preferable to the control regime when the MIR Kaplan-Meier failure curve dominates that of the
control units. We pre-specified in the pre-analysis plan that would to conduct only one-sided tests that reject the
null when MIR is preferable to the control regime in reducing recidivism.
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Figure 3: A Comparison Between the Make-it-Right Experimental Sample and the Full Population
of Juveniles Arrested for a Felony Offense in San Francisco

H0: Equal dist. (Pop. vs. RCT controls)
Pval=.8524
H0: Equal dist. (Pop. reweighted vs. RCT controls)
Pval=.0997

0.00

Controls
All juveniles
All juveniles reweighted to match RCT
0
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800
1000
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1200
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Notes: This figure plots Kaplan-Meier estimates of the failure function of being rearrested. It compares the rearrest
rates of the experimental control group (dashed black line) and the full populations of youth arrested for a felony
offense in San Francisco (most of which are not eligible for MIR). The dotted green line reports Kaplan-Meier
estimates of the rearrest rates of the full population of youth arrested for a felony offense in San Francisco and the
dotted purple line reports re-weights estimates to make the full population similar to the experimental sample in
terms of the predicted recidivism measures. The re-weighting is done using the procedure proposed by Dinardo et
al. (1996). We report p-values from an hypothesis test for whether the failure functions are the same or not. We use
the Peto–Peto–Prentice test for equality of failure functions (for a detailed description see Klein and Moeschberger,
2006). The p-values in these hypothesis tests are two-sided since we did not pre-specified in the pre-analysis plan
how they will be conducted.
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Figure 4: The Effects of Make-it-Right Among the Sub-Sample of Individuals Who Did Not Incur
a Felony Conviction in Their Case Outcomes
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Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years from
the date of randomization into eligibility for Make-it-Right (MIR) or the control group which faces traditional
criminal prosecution. In this figure (unlike Figure 2), we restrict the sample to individuals who case did not result
in a felony conviction. As can be seen from the figure, even among this restricted population the individuals who
have been assigned to MIR have meaningfully lower rearrest rates. We report p-values from an hypothesis test for
whether the failure functions are the same among MIR participants and controls. We use the Peto–Peto–Prentice
test for equality of failure functions (for a detailed description see Klein and Moeschberger, 2006). We report
two types of p-values: “Pval” which is based on standard variance formulas and “RI Pval” which is based on
randomization inference using 1,000 simulations in which we randomly assigned cases to MIR and controls and
calculated the distribution of the test statistic under the null of no treatment effect. Both p-values are one-sided,
rejecting the null hypothesis that MIR is not preferable to the control regime when the MIR Kaplan-Meier failure
curve dominates that of the control units. We pre-specified in the pre-analysis plan that we would conduct only
one-sided tests that reject the null when MIR is preferable to the control regime in reducing recidivism.
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Table 1: Description of the Make-it-Right Restorative Justice Conferencing Program
Stage

Description/Examples of Activities

Suitability
Assessment

CWW coordinator has initial meeting(s) with the youth (responsible party) and
his/her family to determine if they are suitable for restorative justice community
conferencing. The youth must agree to participate and demonstrate reflection and
accountability to self, family, community, and person harmed. The main question
that the coordinator asks when determining suitability is whether they feel confident putting the responsible youth in front of the person harmed. A youth who is
unwilling to take responsibility will be deemed unsuitable at this point.

PreConference
(postenrollment)

The CWW coordinator holds several pre-conference meetings with the responsible
youth and their family/support person to prepare them for the conference, typically
between three to four. The youth must finalize an apology letter ahead of the
conference. This is a reflective apology, for example, how do I feel about my actions
now? If I had to do it over again, what would I do differently? What would I like
the victim to know? What can or will I do to make up for what I did?
The conference coordinator also conducts preparation meetings with the harmed
party. These meeting aim to set expectations from the conference and for understanding the limitations the youth is facing.

Conference

The conference begins with the youth (responsible party) reading the apology
letter to the harmed party.
Next there is a roundtable discussion on how to address the four quadrants of
the harm to: self, victim, family, and community.
The conference results in a consensus-based plan of action (i.e., an agreement)
for the youth’s accountability and to prevent the youth from engaging in future
criminal activity. The agreement’s objective is to restore welfare by addressing the
four quadrants of the harm: self, victim, family, and community.
All parties sign the agreement. This concludes the formal involvement of the
harmed party. Multiple conferences can be held until the plan is developed—if no
plan is developed, the youth is referred back to the SFDA for prosecution.

Examples of Academic: Tutoring sessions, meet high school attendance requirements, make a
Agreement
plan for college/technical school application. Employment: Make a goal to create
Activities
a resume and apply to a certain number of jobs. Reflection Writing: Journaling,
poems, and/or essays reflecting on opportunities for self-improvement. Yoga: Attend a set number of yoga classes. Anger management: Attend/complete a set
number of anger management sessions. Restitution: Identify amount to provide
to harmed party and/or community. Chores: Keeping one’s room clean, taking
out the trash, helping with dinner, etc. Goal is to help the youth engage more in
family life. Family Systems Therapy: Counseling sessions with identified family
members. Community Service: Youth repairs harm done to the community by
performing a set number of community service hours at a local organization.
Agreement
Implementation

After the conference, the Huckleberry Youth agreement monitor debriefs with the
youth. They finalize the details of the restorative plan (i.e., the agreement) and set
target completion dates.
Youth and agreement monitor meet on a weekly basis to review the youth’s progress
toward completion of the plan. The meetings are not only about making sure the
youth is on track to finish the plan; they also discuss other issues that the youth is
facing and develop a plan to address them.

Notes: This table summarizes the activities and sequence of events of the Make-it-Right (MIR) program. The
initials CWW refer to Community Works West which is a non-profit community organization that specializes in
restorative justice conferencing and administrates the MIR program in San Francisco. The initials SFDA refer to
the San Francisco District Attorney.
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Table 2: Summary Statistics of Make-it-Right Experimental Sample and the Full Sample of Juveniles Arrested for a Felony Offense in San Francisco
(1)
MIR controls

(2)
Assigned MIR

(3)
Enrolled in MIR
(Compliers)

(4)
All juveniles

0.909

0.889

0.900

0.796

Black

0.500

0.531

0.487

0.608

Hispanic

0.318

0.323

0.359

0.239

Age

16.02

16.09

16.11

15.85

0.273

0.273

0.250

0.563

Number of past arrests

0.705

0.374

0.313

1.891

Any past felony arrests

0.0682

0.141

0.125

0.466

Number of past felony arrests

0.0682

0.162

0.125

0.953

Age at first criminal offense

14.75

15.20

15.27

14.23

Type of most severe offense:
Homicide/Manslaughter

0

0

0

0.0182

Sex offense

0

0

0

0.0134

Robbery

0

0.0303

0

0.341

Assault

0.159

0.131

0.138

0.262

Burglary

0.318

0.434

0.487

0.140

Theft

0.636

0.657

0.713

0.234

Drug

0

0

0

0.0711

Weapons

0

0.0202

0.0250

0.0975

0.205

0.293

0.287

0.469

0.320

0.306

0.300

0.421

Pred. recidivism 12 months

0.483

0.461

0.454

0.564

Pred. felony recidivism 6 months

0.200

0.197

0.192

0.254

Pred. felony recidivism 12 months

0.317

0.305

0.299

0.369

99
99

80
80

6203
3333

Demographics:
Male

Criminal history:
Any past arrests

Other
Predicted recidivism:
Pred. recidivism 6 months

Joint F-test of MIR assignment on covariates p-value
Joint F-test of MIR compliers and never-takers covariates p-value
Number of observations
Number of individuals

0.700
0.800
44
44

Notes: The table reports summary statistics (means) of the individuals randomly assigned to the control group
(Column (1)), to Make-it-Right (Column (2)), the compliers (Column (3)), and the full population of juveniles
arrested for a felony offense between October 2010 and November 2020. The mean characteristics of compliers in
Column (3) are calculated using the standard formula from Abadie (2003). Specifically, using a 2SLS regression
of a covariate interacted with an indicator for enrollment into MIR (i.e., MIRi · Xi ) as the outcome, an indicator
for MIR enrollment as the endogenous treatment, and instrumenting using an indicator for whether the youth was
randomly assigned to control or MIR. Note that not all individuals assigned to MIR took-up the program. The
take-up rate is about 80 percent. The joint F-tests at the bottom of the table are based on randomization inference
using 1,000 random placebo permutations of treatment assignment.
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Table 3: The Effects of Assignment (ITT) to and Participation (TOT) in Make-it-Right on the
Likelihood of Being Arrested in the Subsequent Four Years

Panel (a)
Participated in MIR (treated)

Panel (b)
Assigned to MIR (ITT)

Panel (c)
First-Stage coefficient

Rearest rate among controls
Rearest rate among compliers controls
Includes controls
Number of observations

(1)
6 months

(2)
12 months

(3)
24 months

-0.234
(0.103)
{0.0120}
[0.0030]

-0.228
(0.111)
{0.0211}
[0.0050]

-0.184
(0.128)
{0.0759}
[0.0722]

-0.189
(0.084)
{0.0132}
[0.0140]

-0.184
(0.092)
{0.0237}
[0.0410]

0.808
(.0463)

0.808
(.0463)

0.781
(.0558)

0.432
0.434
No
143

0.568
0.566
No
143

0.632
0.606
No
120

(4)
36 months

(5)
48 months

(6)
12-48 months

2SLS
-0.196
(0.151)
{0.0979}
[0.1150]

-0.363
(0.165)
{0.0157}
[0.0230]

-0.368
(0.199)
{0.0344}
[0.0250]

Reduced form
-0.144
-0.147
(0.103)
(0.118)
{0.0830}
{0.1092}
[0.1130]
[0.1680]

-0.267
(0.133)
{0.0249}
[0.0850]

-0.270
(0.154)
{0.0423}
[0.1040]

0.750
(.0676)

0.736
(.0832)

0.736
(.0832)

0.750
0.745
No
100

0.833
0.876
No
71

0.667
0.726
No
71

Notes: The table reports estimates of the effects of Make-it-Right (MIR) on the likelihood of a future arrest. Each
cell in the table reports four numbers: the point estimate, standard error clustered at the case level, a one-sided pvalue using the cluster-robust standard errors, and a one-sided p-value using randomization inference based on 1,000
random permutations. The compliers rearrest rates under the control regime (bottom of the table) are calculated
using the standard formulas from Imbens and Rubin (1997) and Abadie (2002). Specifically, using a 2SLS regression
of the outcome interacted with an indicator for enrollment into MIR (i.e., (1 − MIRi ) · Rearresti ) as the outcome,
an indicator for not enrolling into MIR (i.e., (1 − MIRi )) as the endogenous treatment, and instrumenting using an
indicator for whether the youth was randomly assigned to control or MIR. Note that not all individuals assigned
to MIR took-up the program. The take-up rate is about 75% and is reported at the bottom of the table (i.e., the
First-Stage coefficient). The number of observations changes across the columns because the sample in each of the
regressions is restricted to individuals that are observed at least the mentioned time horizon (e.g., 48 months in
Column (5)) after the date of randomization.
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Table 4: The Effects of Completing Make-it-Right on the Likelihood of Being Arrested in the
Subsequent Four Years

Panel (a)
Completed MIR (treated)

Panel (b)
First-Stage coefficient

Rearest rate among controls
Rearest rate among compliers controls
Includes controls
Number of observations

(1)
6 months

(2)
12 months

(3)
24 months

-0.361
(0.159)
{0.0125}
[0.0010]

-0.351
(0.166)
{0.0178}
[0.0101]

-0.268
(0.176)
{0.0653}
[0.1180]

0.525
(.0726)

0.525
(.0726)

0.537
(.0825)

0.432
0.476
No
143

0.568
0.543
No
143

0.632
0.541
No
120

(4)
36 months

(5)
48 months

(6)
12-48 months

-0.525
(0.214)
{0.0084}
[0.0460]

-0.531
(0.276)
{0.0295}
[0.0380]

0.515
(.0974)

0.509
(.1231)

0.509
(.1231)

0.750
0.743
No
100

0.833
0.932
No
71

0.667
0.827
No
71

2SLS
-0.286
(0.205)
{0.0837}
[0.1690]

Notes: The table reports estimates of the effects of Make-it-Right (MIR) completion on the likelihood of a future
arrest. The key difference between the estimates in this table relative to Table 3 is that here the treatment is
defined as completion rather than enrollment in MIR. Here the key assumption is that assignment to MIR impacts
recidivism only by impacting the likelihood that an individual will complete the MIR program. In other words,
participation in the program without completion has no effect on recidivism. Each cell in the table reports four
numbers: the point estimate, standard error clustered at the case level, a one-sided p-value using the cluster-robust
standard errors, and a one-sided p-value using randomization inference based on 1,000 random permutations. The
compliers rearrest rates under the control regime (bottom of the table) are calculated using the standard formulas
from Imbens and Rubin (1997) and Abadie (2002). Specifically, using a 2SLS regression of the outcome interacted
with an indicator for enrollment into MIR (i.e., (1 − MIRi ) · Rearresti ) as the outcome, an indicator for not enrolling
into MIR (i.e., (1 − MIRi )) as the endogenous treatment, and instrumenting using an indicator for whether the
youth was randomly assigned to control or MIR. Note that not all individuals assigned to MIR took-up the program.
The take-up/completion rate is about 50 percent and is reported at the bottom of the table (i.e., the First-Stage
coefficient). The number of observations changes across the columns because the sample in each of the regressions
is restricted to individuals that are observed at least the mentioned time horizon (e.g., 48 months in Column (5))
after the date of randomization.
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Table 5: A Comparison of Charging, Convictions, and Case Dispositions Between Individuals
Assigned to Make-it-Right Relative to Those Assigned to the Control Group
(1)
Control

(2)
Assigned MIR

0.386

0.152

Convicted of misdemeanor

0.205

0.121

Convicted of felony

0.205

0.0505

0.364

0.737

Informal probation

0.364

0.121

Probation

0.0455

0.0101

Wardship probation

0.136

0.0707

Out of home placement

0.0227

0.0202

44

99

Convicted offenses:
Convicted of misdemeanor or felony

Disposition (least to most severe):
Charges dismissed

Number of individuals

Notes: The table reports information on charging (i.e., whether an individual was charged with an offense or the
prosecutor decided to drop the case), convictions, and dispositions for the individuals in our experimental sample.
These case outcomes are for the criminal incidents that lead the individual to be in our sample. We do not include
charging, conviction, or disposition information from future criminal incidents.
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Additional Figures and Tables
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Figure A.1: A Comparison of Recidivism Rates Between Juveniles Randomly Assigned To Makeit-Right Relative to the Experimental Control Group Along Different Measures of the Severity of
Reoffending
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Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years from
the date of randomization between assignment to Make-it-Right (MIR) and the control group which faces traditional
criminal prosecution. Panel (a) plots Kaplan-Meier estimates for any rearrest and Panel (b) only counts rearrests
that resulted in a conviction. In both plots we report p-values from an hypothesis test for whether the failure
functions are the same among MIR participants and controls. We use the Peto–Peto–Prentice test for equality of
failure functions (for a detailed description see Klein and Moeschberger, 2006). We report two types of p-values:
“Pval” which is based on standard variance formulas and “PI Pval” which is based on permutation inference using
1,000 simulations in which we randomly assigned cases to MIR and controls and calculated the distribution of the
test statistic under the null of no treatment effect. Both p-values are one-sided, rejecting the null hypothesis that
MIR is not preferable to the control regime when the MIR Kaplan-Meier failure curve dominates that of the control
units. We pre-specified in the pre-analysis plan that we would conduct only one-sided tests that reject the null
when MIR is preferable to the control regime in reducing recidivism.
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Figure A.2: A Comparison of Recidivism Rates Between the Control Group and Individuals Assigned to Make-it-Right But Who Did Not Enroll (Never-Takers)
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Notes: This figure plots Kaplan-Meier estimates of the failure function of being rearrested. The figure compares
compares between the failure curves of the experimental control group (dashed black line) and of youth randomly
assigned to Make-it-Right (MIR) but who did not enroll into the MIR program, i.e., the “never-takers” (solid red
line). The p-value is from an hypothesis test for whether the failure functions are the same or not. We use the
Peto–Peto–Prentice test for equality of failure functions (for a detailed description see Klein and Moeschberger,
2006). The p-values in these hypothesis test are two-sided since we did not pre-specify in the pre-analysis plan how
they would be conducted.
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Figure A.3: Rearrest Rates of Juveniles Assigned To Make-it-Right in Different Time Periods
Relative to the Experimental Control Group
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Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within one year from the
date of randomization into eligibility for Make-it-Right (MIR) or the control group which faces traditional criminal
prosecution. We observe at least one year post-randomization for all the individuals in our sample. Thus, when
comparing the rearrest rates within one year we do not need to drop any observations. However, when examining
the likelihood of a rearrest in a longer time horizon the sample decreases.
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Figure A.4: Recidivism Rates of Juveniles Randomly Assigned To Make-it-Right Relative to the
Experimental Control Group Using Only Rearrests for New Criminal Incidents
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Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years from
the date of randomization between assignment to Make-it-Right (MIR) and the control group which faces traditional
criminal prosecution. Recidivism is measured using only rearrests for new criminal incidents. Specifically, rearrests
for probation or warrants violations will not be included in this recidivism measure. We report p-values from an
hypothesis test for whether the failure functions are the same among MIR participants and controls. We use the
Peto–Peto–Prentice test for equality of failure functions (for a detailed description see Klein and Moeschberger,
2006). We report two types of p-values: “Pval” which is based on standard variance formulas and “RI Pval” which
is based on randomization inference using 1,000 simulations in which we randomly assigned cases to MIR and
controls and calculated the distribution of the test statistic under the null of no treatment effect. Both p-values are
one-sided, rejecting the null hypothesis that MIR is not preferable to the control regime when the MIR Kaplan-Meier
failure curve dominates that of the control units. We pre-specified in the pre-analysis plan that we would conduct
only one-sided tests that reject the null when MIR is preferable to the control regime in reducing recidivism.
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Figure A.5: Rearrest Rates of Juveniles Randomly Assigned to Make-it-Right Relative to the
Experimental Control Group When Not Including Any Reoffending That Took Place After March
15, 2020 Which Is the Beginning of COVID-19 Restrictions in California
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Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years
from the date of randomization into eligibility for Make-it-Right (MIR) or the control group which faces regular
criminal prosecution. Panel (a) plots Kaplan-Meier estimates for any rearrest and Panel (b) only counts rearrests
that lead to a conviction. Panel (c) plots rearrests for felony offenses. Lastly, Panel (d) presents failure function
including only rearrests for offenses that are as severe as the original offense. In all plots we report p-values from
an hypothesis test for whether the failure functions are the same among MIR participants and controls. We use
the Peto–Peto–Prentice test for equality of failure functions (for a detailed description see Klein and Moeschberger,
2006). We report two types of p-values: “Pval” which is based on standard variance formulas and “RI Pval” which
is based on randomization inference using 1,000 simulations in which we randomly assigned cases to placebo MIR
and controls and calculated the distribution of the test statistic under the null of no treatment effect. Both p-values
are one-sided, rejecting the null hypothesis that MIR is not preferable to the control regime when the MIR KaplanMeier estimates of the failure curve dominates that of the control units. We pre-specified in the pre-analysis plan
that we would conduct only one-sided tests that reject the null when MIR is preferable to the control regime in
reducing recidivism.
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Figure A.6: A Comparison of Recidivism Rates in the Full Population of Juveniles Arrested for a
Felony Offense in San Francisco Between Individuals Whose Case Resulted in a Felony Conviction
Relative to Those Who Did Not

H0: Equal dist.
(Felony conviction vs. No felony conviction)
Pval=.0003

0.00

Not convicted of a felony
Convicted of a felony
0

100 200 300 400 500 600 700 800 900 100011001200130014001500
Days from randomization

Notes: This figure plots Kaplan-Meier estimates of the failure function for being rearrested within four years from
the date the offense took place. The figure plots two failure function curves, one for individuals whose case resulted in
a felony conviction (solid red line) and another for the individuals whose case did not result in a felony conviction.
We report p-values from an hypothesis test for whether the failure functions are the same or not. We use the
Peto–Peto–Prentice test for equality of failure functions (for a detailed description see Klein and Moeschberger,
2006). The p-values in these hypothesis tests are two-sided since we did not pre-specified in the pre-analysis plan
how they will be conducted.

6

Table A.1: Summary Statistics of the Demographic Composition of the Victim (Harmed Party)
and the Youth (Responsible Party) in the Make-it-Right Experimental Sample
(1)
Victim
(harmed party)
35.60

(2)
Youth
(responsible party)
16.09

0.585

0.889

Victim and youth of same sex

0.523

.

Missing sex

0.343

0

Race/ethnicity:
Black

0.0820

0.531

Hispanic

0.148

0.323

White

0.443

0.0729

Asian

0.328

0.0938

Victim and youth of same race

0.213

.

Missing race

0.384

0

Age
Sex:
Male

Notes: The table reports summary statistics (means) of the demographic characteristics of the youth (responsible
party) who have been assigned to Make-it-Right (MIR) and the victim (harmed party) of the related criminal
incidents. The demographic information for the youth comes from the administrative records provided to use by
the San Francisco District Office and the San Francisco Department of Juvenile Probation. The demographic information for the victims comes from Community Works West, which is the non-profit organization that implements
MIR. As a result, we observe demographic information for only a subset of the victims.
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Table A.2: Summary Statistics Comparing Individuals Who Completed Make-it-Right to Those
Who Did Not Complete Make-it-Right Among the Youth Who Enrolled Into the Program
(1)
Did not complete MIR

(2)
Completed MIR

0.893

0.904

Black

0.714

0.360

Hispanic

0.286

0.400

Age

15.86

16.25

0.321

0.212

Age at first criminal offense

14.93

15.46

Assault

0.107

0.154

Burglary

0.429

0.519

Theft

0.714

0.712

Weapons

0.0357

0.0192

Other

0.107

0.385

0.324

0.271

Pred. recidivism 12 months

0.453

0.401

Pred. felony recidivism 6 months

0.211

0.164

Pred. felony recidivism 12 months

0.332

0.280

28

52

Demographics:
Male

Criminal history:
Any past arrests

Predicted recidivism:
Pred. recidivism 6 months

Number of individuals

Notes: The table reports summary statistics (means) of the characteristics of individuals who enrolled into the
to the Make-it-Right (MIR) program and did not complete it (Column (1)) and of individuals who enrolled and
completed the program (Column (2)).
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Table A.3: The Effects of Assignment (ITT) to and Participation (TOT) in MIR on the Likelihood
of Being Arrested in the Subsequent Four Years When Including Controls

Panel (a)
Participated in MIR (treated)

Predicted Y(0)

Panel (b)
Assigned to MIR (ITT)

Predicted Y(0)

Panel (c)
First-Stage coefficient

Rearest rate among controls
Rearest rate among compliers controls
Includes controls
Number of observations

(1)
6 months

(2)
12 months

(3)
24 months

-0.231
(0.104)
{0.0137}
[0.0000]

-0.223
(0.111)
{0.0235}
[0.0110]

-0.177
(0.125)
{0.0792}
[0.0480]

0.270
(0.457)

0.528
(0.435)

0.652
(0.369)

-0.185
(0.085)
{0.0151}
[0.0090]

-0.179
(0.091)
{0.0262}
[0.0380]

0.408
(0.485)

0.661
(0.451)

0.746
(0.369)

0.802
(.0456)

0.803
(.0454)

0.432
0.434
Yes
143

0.568
0.566
Yes
143

(4)
36 months

(5)
48 months

(6)
12-48 months

-0.358
(0.165)
{0.0167}
[0.0200]

-0.363
(0.198)
{0.0353}
[0.0180]

0.560
(0.424)

0.392
(0.391)

-0.262
(0.132)
{0.0259}
[0.0710]

-0.267
(0.153)
{0.0436}
[0.0830]

0.912
(0.402)

0.743
(0.433)

0.496
(0.395)

0.776
(.0551)

0.747
(.0658)

0.732
(.0815)

0.734
(.0824)

0.632
0.606
Yes
120

0.750
0.745
Yes
100

0.833
0.876
Yes
71

0.667
0.726
Yes
71

2SLS
-0.191
(0.144)
{0.0946}
[0.0900]
0.798
(0.400)

Reduced form
-0.137
-0.143
(0.100)
(0.113)
{0.0860}
{0.1050}
[0.1240]
[0.1590]

Notes: The table reports estimates of the effects of Make-It-Right (MIR) on the likelihood of a future arrest.
Predicted Yi (0) is a summary index of the covariates based on how predictie they are on the outcome in the
auxiliary observational data, in which none of the individuals where assigned to MIR. The construction of predicted
Y (0) based on the covariates is described in Section 4 and more formally in Appendix B. The only difference
between this table and Table 3 is the inclusion of predicted Yi (0) in the regression specifications. Each cell in the
table reports four numbers: the point estimate, standard error clustered at the case level, a one-sided p-value using
the cluster-robust standard errors, and a one-sided p-value using randomization inference based on 1,000 random
permutations. The compliers rearrest rates under the control regime (bottom of the table) are calculated using
the standard formulas from Imbens and Rubin (1997) and Abadie (2002). Specifically, using a 2SLS regression of
the outcome interacted with an indicator for enrollment into MIR (i.e., (1 − MIRi ) · Rearresti ) as the outcome, an
indicator for not enrolling into MIR (i.e., (1 − MIRi )) as the endogenous treatment, and instrumenting using an
indicator for whether the youth was randomly assigned to control or MIR. Note that not all individuals assigned
to MIR took-up the program. The take-up rate is about 75% and is reported at the bottom of the table (i.e., the
First-Stage coefficient). The number of observations changes across the columns because the sample in each of the
regressions is restricted to individuals that are observed at least the mentioned time horizon (e.g., 48 months in
Column (5)) after the date of randomization.
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Table A.4: 2SLS Estimates of the Effects of Enrollment Into Make-it-Right on Rearrest Within
Six Months and One Year for a Balanced Sample With and Without Cohort Fixed Effects

Participated in MIR (treated)

(1)
6 months
-0.234
(0.103)
{0.0120}
[0.0000]

(2)
6 months
-0.233
(0.104)
{0.0134}
[0.0020]

(3)
12 months
-0.228
(0.111)
{0.0211}
[0.0080]

(4)
12 months
-0.212
(0.111)
{0.0292}
[0.0120]

2016-2017 cohort

-0.059
(0.088)

-0.159
(0.096)

2018-2019 cohort

-0.024
(0.099)

-0.212
(0.104)

First-Stage coefficient

Rearest rate among controls
Rearest rate among compliers controls
Includes controls
Number of observations

0.808
(.0463)

0.798
(.0509)

0.808
(.0463)

0.798
(.0509)

0.432
0.434

0.432
0.434

0.568
0.566

0.568
0.566

143

143

143

143

Notes: The table reports estimates of the effects of enrollment into Make-It-Right (MIR) on the likelihood of a
future arrest. Importantly, the sample size does not change across columns as we restricted attention to shorter
time horizons in which a balanced sample is observed. Each cell in the table reports four numbers: the point
estimate, standard error clustered at the case level, a one-sided p-value using the cluster-robust standard errors,
and a one-sided p-value using randomization inference based on 1,000 random permutations. In Columns (1) and
(3), no covariates are included in the model. In Columns (2) and (4), fixed effects for the time period/cohort in
which the incident took place. The omitted category is the 2013-2015 cohort, i.e., the cases for which we observe the
longest follow-up period. The compliers rearrest rates under the control regime (bottom of the table) are calculated
using the standard formulas from Imbens and Rubin (1997) and Abadie (2002). Specifically, using a 2SLS regression
of the outcome interacted with an indicator for enrollment into MIR (i.e., (1 − MIRi ) · Rearresti ) as the outcome,
an indicator for not enrolling into MIR (i.e., (1 − MIRi )) as the endogenous treatment, and instrumenting using an
indicator for whether the youth was randomly assigned to control or MIR. Note that not all individuals assigned
to MIR took-up the program. The take-up rate is about 75% and is reported at the bottom of the table (i.e., the
First-Stage coefficient). The take-up rate is not affected by whether or not cohort fixed effects are included in the
model.
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Table A.5: The Effects of Assignment (ITT) to and Participation (TOT) in Make-it-Right on the
Likelihood of Being Arrested for a Bew Criminal Incident in the Subsequent Four Years

Panel (a)
Participated in MIR (treated)

Panel (b)
Assigned to MIR (ITT)

Panel (c)
First-Stage coefficient

Rearest rate among controls
Rearest rate among compliers controls
Includes controls
Number of observations

(1)
6 months

(2)
12 months

(3)
24 months

-0.244
(0.102)
{0.0094}
[0.0000]

-0.206
(0.113)
{0.0351}
[0.0040]

-0.197
(0.127)
{0.0620}
[0.0401]

-0.197
(0.083)
{0.0097}
[0.0100]

-0.167
(0.093)
{0.0373}
[0.0520]

0.808
(.0463)

0.808
(.0463)

0.781
(.0558)

0.409
0.444
No
143

0.500
0.519
No
143

0.605
0.588
No
120

(4)
36 months

(5)
48 months

(6)
12-48 months

2SLS
-0.213
(0.150)
{0.0791}
[0.0840]

-0.440
(0.158)
{0.0035}
[0.0020]

-0.368
(0.199)
{0.0344}
[0.0250]

Reduced form
-0.154
-0.160
(0.102)
(0.118)
{0.0681}
{0.0892}
[0.0910]
[0.1360]

-0.324
(0.127)
{0.0069}
[0.0310]

-0.270
(0.154)
{0.0423}
[0.1040]

0.750
(.0676)

0.736
(.0832)

0.736
(.0832)

0.719
0.723
No
100

0.833
0.902
No
71

0.667
0.726
No
71

Notes: The table reports estimates of the effects of Make-it-Right (MIR) on the likelihood of a future arrest. Each
cell in the table reports four number: the point estimate, standard error clustered at the case level, a one-sided
p-value using the cluster-robust standard errors, and a one-sided p-value using randomization inference based on
1,000 random permutations. The only difference between this table and Table 3 is that here only rearrests for new
criminal incidents are used. Specifically, rearrests for probation or warrant violations will not be included. The
compliers rearrest rates under the control regime (bottom of the table) are calculated using the standard formulas
from Imbens and Rubin (1997) and Abadie (2002). Specifically, using a 2SLS regression of the outcome interacted
with an indicator for enrollment into MIR (i.e., (1 − MIRi ) · Rearresti ) as the outcome, an indicator for not enrolling
into MIR (i.e., (1 − MIRi )) as the endogenous treatment, and instrumenting using an indicator for whether the
youth was randomly assigned to control or MIR. Note that not all individuals assigned to MIR took-up the program.
The take-up rate is about 75% and is reported at the bottom of the table (i.e., the First-Stage coefficient). The
number of observations changes across the columns because the sample in each of the regressions is restricted to
individuals that are observed at least the mentioned time horizon (e.g., 48 months in Column (5)) after the date of
randomization.
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B

Covariates Adjustment in an RCT Using Auxiliary Observational Data

We observe two samples. The first is an experimental sample in which individuals where randomly
assigned to either Make-it-Right (MIR) or the control group. Denote by Zi assignment to MIR
(the treatment of interest), let Yis be the outcome of interest, and denote by Xis a vector of
pre-treatment covariates. The second sample is much larger, however, the treatment (Zi ) was
not assigned to any of the individuals in this sample. Denote by Yip and Xip the outcome and
observable characteristics of individuals in the larger auxiliary sample. In our setting, this sample
includes all juveniles not eligible for MIR who have been arrested for a felony offense between
October 2010 and November 2020.
In the experimental sample, assignment to MIR is done at random, however, due to the small
number of observations there can still be some imbalances between the observable and unobservable characteristics of the individuals who were assigned to the treatment and control groups.
Specifically, the bias term can be expressed as:

E [Yis |Zi = 1] − E [Yis |Zi = 0] =

(B.1)

E [Yis (1) − Yis (0)|Zi = 1] + E [Yiz (0)|Zi = 1] − E [Yis (0)|Zi = 0]
It is clear from Equation (B.1) that if we observed Yis (0) among both the control and treated units
than we could control for it and correct for any potential finite sample imbalances.
It is common practice to use Ordinary-Least-Square (OLS) regression and estimate the following
specification:

Yis = αZi + Xis 0 β s + esi

(B.2)

this model corrects for potential imbalances in observables between the treatment and control
groups and with flexible/saturated enough controls it is completely non-parametric (i.e., it does
not require making any parametric assumption such as linearity of the conditional expectation
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function). Another motivation for controlling for Xis is increasing the statistical precision by
improving the explanatory power of the OLS model.
The big challenge in Equation (B.2) is that increasing the dimensionality of X, i.e., including a
greater number of covariates, entails a reduction in the number of degrees of freedom. Reducing the
degrees of freedom can be costly in experiments with small sample sizes as is the case in our setting
of the MIR program. Moreover, including only a subset of the potential Xs raises the question of
which covariates to include and adds another “researcher degree of freedom”. To overcome this
problem, we use the auxiliary data on all juveniles arrested for a felony offense between October
2010 and November 2020 in San Francisco.
s0 s
\
We begin by using auxiliary observational data to derive an estimator of X
i β . In both the

experimental and observational samples, we observe the same vector of observable characteristics.
We estimate the following OLS specification in the auxiliary data:

Yip = Xip 0 β p + epi

(B.3)
0 s

next we use the estimated coefficient β̂ p to form our estimator of Xi β :
Ŷ0i ≡ Xis 0 β̂ p

(B.4)

and now we can estimate the following model:

Yis = αZi + γ Ŷ0i + νis

(B.5)

where νis = (γ Ŷ0i − Xis 0 β s ) + esi . Note that, if β̂ p ≈ β s , then νis = esi and the specification in
Equation (B.5) yields the same results as the one in Equation (B.2) while using only one degree
of freedom since only a single covariate is included in the model.
To validate that our predicted recidivism index (Xis 0 β̂ p ) is predictive of recidivism in the experimental sample, we examine the relationship between Yis and Xis 0 β̂ p . Figure B.1, depicts the
relationship between the predicted and observed recidivism in the experimental sample. It is clear
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that our predicted recidivism index is predictive of observed recidivism and the correlation is close
to one. To obtain more power, we aggregated observed and predicted recidivism from multiple
time horizons of 6, 12, 18, 24, 30, 36, 42, and 48 months from randomization.
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.8

Figure B.1: The Correlation Between Observed and Predicted Recidivism in the Experimental
Sample
OLS fit: coef = 0.85 (0.31)
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