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Abstract

Many individuals who were previously incarcerated are re-arrested in the months and
years following release from prison. We investigate whether encouragement to use
post-incarceration support services reduces re-arrest. Voluntary participants in our
field experiment are offered a monetary incentive to complete either three or five visits
to a support service provider. Those in the incentives groups increased visits compared
to the control group, but the majority do not complete the required visits to obtain the
incentive. We find no significant intent-to-treat or local average treatment effects of the
visits on average re-arrest rates. We show that this is due to heterogeneous treatment
effects for different complier types rather than a uniform null effect. An increase in
visits causally decreases re-arrest for one complier response, the type complying with
the easier goal (3 visits), but it increases re-arrests for another, the types complying
with the harder goal (5 visits). Encouragement of support service usage can be effective
for some people, but not others. Our results highlight the importance of uncovering
latent response types to treatments to properly evaluate the effectiveness of programs
aimed to help the previously incarcerated.
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1 Introduction

Evidence suggests the period after release from incarceration is critical. Individuals often

attempt to re-integrate into society without basic needs secured (Roman and Travis, 2006;

Geller and Curtis, 2011), i.e. housing, clothing or a cell phone, and the connection and social

support of friends and family (Denney et al., 2014). This makes the transition challenging.

Of the 400,000 individuals released from state prisons in 2005, almost half are re-arrested

within the first year and one-third within the first six months (Durose et al., 2014). Reentry

services in the United States are intended to provide support for this transitional period,

however utilization is low.1 The average inmate completes just under 0.6 rehabilitation

programs a year in jail (Kuziemko, 2013), and less than 50% of individuals released to parole

with a referral to community treatment attended any session at all (Prendergast et al.,

2003). Many factors may contribute to this low usage, including sizeable nuisance costs and

inertia.2 Increased usage of post-incarceration services might make the transition smoother,

more likely to be successful and ultimately reduce recidivism. We investigate this possibility.

With a partner aftercare service provider, we conduct a field experiment that encourages

previously-incarcerated individuals to use support services by offering a monetary incentive

when a goal of a certain number of visits is met.

Comprehensive services aim to be a central point of contact to help navigate post-

incarceration life. Several randomized controlled trials have evaluated these types of pro-

grams (Grommon et al., 2013; Cook et al., 2015; Wiegand and Sussell, 2016; D’Amico and

Kim, 2018) by randomizing a treatment group of voluntary participants to receive specialized

services. Many participants do not comply with the assigned treatment, and thus treatment

service programs are often not completed as designed.3 The estimated intent-to-treat effects

are mixed, showing null, positive and negative effects on reducing recidivism.4 These find-

1Prisoner reentry services in the United States are made up of an informal assortment of government
and nonprofit organizations, which makes it difficult to estimates the overall usage of reentry service (Nhan
et al., 2017).

2Examples of not following through on actions that are challenging, but beneficial, can be found in
applying for financial aid (Bettinger et al., 2012), saving for the future (Madrian and Shea, 2001) or getting
prescription refills (Beshears et al., 2012).

3For instance, Grommon et al. (2013) report compliance rates decline during the year-long program of
a substance abuse treatment program. In the first phase of the program, participants completed an average
of 6.5 hours a week of the 10 hour planned treatment.

4In review papers, Doleac et al. (2019); Doleac (2022) note several possible reasons for these mixed
results. Individual programs cannot overcome the large barriers to successful reentry. Wrap-around services
may be challenged to deliver multiple programs. If case management is part of these services, it implies
a higher frequency of personal contact and potentially more scrutiny and monitoring. D’Amico and Kim
(2018) find an increase in the total number of rearrests for those in the treatment group, likely due to more
intensive case management. Increasing the level of supervision for probationers and parolees either has no
impact on the likelihood of committing new offenses (Lane et al., 2005; Barnes et al., 2012; Boyle et al.,
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ings suggest that encouraging more service usage is a fruitful avenue to explore. Treatment

dosage was low, not by design but, because participation in the program was incomplete.

Support services might be more effective at reducing recidivism if participants would use

them more frequently or receive the intended dose. In our study, all participants have access

to the same services. The dosage of services used is varied through different incentivized

visit goals. We then examine whether more service usage causally reduces re-arrests. Our

analysis accounts for noncompliance and explores further to uncover differential responses

to treatments through estimation of latent response types.

Our experimental approach is to increase use of support services by providing visit goals

tied to a monetary incentive upon achievement of the goal. Goal-setting theory (Locke

and Latham, 1990) is based on the premise that conscious goals affect action (Ryan, 1970).

Goals need to be challenging, but attainable, to motivate completion of a task (Zimmerman

et al., 1992). If goals are too much of a stretch, they will not be achieved (Sitkin et al.,

2017; Markovitz, 2012; Ordóñez et al., 2009), and monetary stakes can also influence goal

achievement (Corgnet et al., 2015; Goerg and Kube, 2012). It is not clear-cut how to set

challenging, yet attainable, goals, and a certain goal that works well for one individual might

not for another. Our study design allows us to examine these issues directly.5

The field experiment is implemented in partnership with a Pittsburgh, PA support service

provider for the previously incarcerated. Individuals visiting the provider are recruited into

the study and randomized into three groups that vary the number of required visits and

the monetary incentive. All groups are given a business-size card with the written goal to

complete five visits within a year. Two groups also have five boxes on the card. A box is

checked off when a visit is completed, and a $50 incentive is paid when all five boxes are

checked. One of the two groups has two boxes already checked off, so a participant needs

to complete three visits to receive the incentive (Easy treatment). The other group has

no boxes checked off, so a participant needs to complete five visits to receive the incentive

(Hard treatment). The Control group has no boxes on their card and no monetary incentive.

The number of visits chosen for the Easy and Hard treatments were calibrated to historical

data from our partner and were chosen to be attainable and potentially encourage enough

service usage to facilitate a more successful transition to non-prison life. The design focuses

on visits, rather than use of particular services, to allow participants to choose services that

best meet their needs. We vary the dosage, rather than the incentive, because this gives us

variation in visits and we can test the causal impact of service usage on recidivism.

2013; Hyatt and Barnes, 2017) or increases recidivism (Lee, 2022).
5Some studies use light-touch and nudge-type interventions to address recidivism, including mental health

outreach (Batistich et al., 2021) and reminders (Fishbane et al., 2020). Our approach requires effort from
participants via visits to the service provider and includes monetary incentives.
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The main outcomes we examine are number of visits to the provider within a year of

recruitment and probability of arrest during the 20 months after recruitment. We link

data from our intake survey with the participants, administrative data on participants’

visits from our partner and publicly-available, administrative data on arrests from the state

of Pennsylvania. These data allow us to examine frequency and timing of visits, services

used and frequency and timing of re-arrests by treatment and to explore heterogeneity in

treatment response.

Our results show that the incentivized goal treatments did increase visits relative to the

Control group.6 Those in the Easy group, however, completed more visits than those in the

Hard group, suggesting that the five visit goal was more difficult to achieve and may have

had a discouraging effect. Looking at intent-to-treat effects on the probability of arrest up

to 20 months after enrollment into the study, we find no significant differences at 20 months

between those in the Control, Easy and Hard treatments.

Most participants assigned to the incentivized goal treatments did not meet the goal and

receive the incentive. Roughly half of those in the Easy treatment received the incentive

(30% completed 3-4 visits, 19% completed 5+ visits). In the Hard treatment, 19% received

the incentive. Given the high level of noncompliance with treatment, we estimate the local

average treatment effect of visits on re-arrests, using treatment assignment as an instrument.

We find a significant effect of treatment assignment on number of visits but no significant

effect of visits on probability of arrest using the LATE estimation. Angrist and Imbens (1995)

show that when treatment is multi-valued, as the number of visits are, LATE estimates are

a linear combination of the treatment effect of different complier types provided visits are

monotone on treatment assignment. This condition is verified in our data. We conclude that

either aftercare services are ineffective for all complier types or the effects are of different

sign for different complier groups. Our design allows us to unpack different response types,

and we show the data are most consistent with the latter explanation.

While the estimated average treatment effects on arrests are not significant in our setting,

individuals may respond to treatment assignment in different ways. As discussed earlier, a

goal that works for one person may not work for another. We delve further by examining

latent response types (Heckman and Pinto, 2018; Pinto, 2021).7 The intuition of this ap-

proach is that each individual has a latent response to all treatment assignments. There

6Prendergast et al. (2015) do not find monetary incentive to be effective in increasing admission to and
attendance at a five-month long community substance abuse treatment among prisoner and parolees.

7This approach differs from analysis that examines heterogeneous treatment effects by researcher-chosen
characteristics or those uncovered with machine learning (for example, in the crime literature, see Davis
and Heller, 2020). These analyses examine heterogeneous intent-to-treat effects and require large samples
because of the need to have a hold-out sample for prediction.
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may be individuals who never respond to treatment, i.e. always visit 0-2 times no matter

what treatment is assigned to them, and others who may partially or fully comply with the

treatment, i.e. visit 0-2 times when assigned to Control and 3-4 times when assigned to Easy

or Hard treatments. We use this latent response type approach to understand heterogeneous

treatment responses that would be obscured by looking at the average treatment effects only.

We derive and estimate response types in our data, and the findings are informative.

Of the 27 possible types (i.e. with three treatments and three bins of visits, 0-2, 3-4, 5+

visits), we uncover six types that satisfy the weak axiom of revealed preference (WARP) and

are empirically relevant in our data. Three types are non-compliers and do not respond to

treatment assignment. Three types are partial compliers. They increase their visits in at

least one of the treatments (Easy, Hard), relative to the Control, but may not meet the exact

treatment visit goal. Unpacking responses in this way, we see that an increase in visits can

both decrease and increase the probability of arrest, depending on the response type. This

explains the null average treatment effects found with the ITT and LATE estimates. The

differential responses are most pronounced for Black participants. We confirm all our main

results using criminal offenses as our outcome variable, rather than arrests, and that criminal

offenses are good surrogates for future arrests. These findings illustrate the importance of

exploring beyond average treatment effects to understand the effect of service dosage on

recidivism.

Our study makes several contributions. First, we directly address noncompliance through

our experimental design and analysis. Previous randomized controlled trials on post-incarceration

services focused on intent-to-treat effects and document noncompliance but do not adjust

treatment effect estimates (Grommon et al., 2013; Cook et al., 2015; Wiegand and Sussell,

2016; D’Amico and Kim, 2018). These studies find mixed results, and this could be due to

the fact that the treatment design was not implemented as intended. For instance, partici-

pants who attend two months of a six month rehabilitation program receive only one-third of

the intended dose. Our study advances this literature by explicitly incorporating dosage into

our experimental design, thus allowing a test of the causal effect of visit dosage on re-arrest.

We also account for non-compliance in our analysis.

Second, we show that null average treatment effects on the probability of arrest may be

due to differential response to treatments. Following the approaches in Heckman and Pinto

(2018) and Pinto (2021), we unpack our data into latent response types and find an increase

in visit dosage can both decrease re-arrest for some individuals and increase re-arrest for

others. A null average treatment effect obscures underlying differential responses to treat-

ments across individuals. This underscores the importance of understanding heterogeneity

in treatment response when designing and evaluating policies. Response types are classified
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by the way participants’ visits changed by treatment assignment, not by their outcomes.

Ex-ante, treatment effects could be zero for all response types. Indeed, we do find zero

effects for Non-Black participants but find heterogeneous effects for Black participant. Our

results are consistent with true heterogeneity in treatment effects.

Recent studies show the promise of machine learning methods to better target interven-

tions (Davis and Heller, 2020; Heller et al., 2022). While our sample size is too small to

credibly draw conclusions on heterogeneous treatment effects using covariate data, we are

able to partially characterize some of the latent types revealed by visit response to treat-

ment.8 Our study highlights that there might be some essential heterogeneity underlying

treatment response and treatment effects that are only weakly correlated with observable

characteristics of participants. If so, this calls for developing methods that help uncover po-

tential latent types prior to treatment assignment. Recent theoretical developments suggest

efficient ways to measure expected individual treatment effects (i.e. Chassang et al., 2012),

and some studies have demonstrated that willingness to pay to be treated predicts who ben-

efits from treatments (Berry et al., 2020; Castillo and Ige, 2022). While we do not advocate

this specific approach in our context, we note the importance of developing measures that are

good predictors of treatment effects. A basic trade-off emerges between finding interventions

that work for most participants and effective treatments that require costly targeting.

The paper proceeds as follows. Section 2 describes the field experiment design, our part-

ner support service setting and field implementation. Section 3 describes the data sets used

and linked for the analysis. Section 4 presents summary statistics of our participant sample

and services used. Section 5 reports on intent-to-treat and local average treatment effects

estimates. Section 6 describes the response type framework, presents validating assumptions

and identification, describes our estimation and reports treatment effects by response types.

Section 7 concludes.

2 Field experiment

The field experiment is designed to examine how encouragement of different dosages of

aftercare services affects recidivism.9 The design employs encouragement of service usage

via increased visits, rather than random assignment to service access. The design focuses

on visits, rather than encouragement of a particular service, to allow participants to use

services that meet their needs. Our design fits squarely with the study setting and our

8We cannot reject the hypothesis that there are no heterogeneous treatment effects using the methods
suggested by Athey and Wager (2019). We, however, lack power to conduct a reliable test of this hypothesis.

9Our design is similar to that used in the Moving to Opportunity experiment that encouraged families
living in high-poverty areas to move to low-poverty areas (Katz et al., 2001)
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partner’s requirement that use of their services is not denied to any individual. Plus, it does

not withhold potentially beneficial services to anyone.

Our aim is to understand the effect of service usage on the probability of arrest. As

such, we fix the monetary incentive upon reaching the goal and vary the number of visits

needed to reach the goal. An alternative approach would have been to fix the visit goal

and vary the incentive to reach the goal. We do not use this latter design approach for two

reasons. First, we do not know what would be the appropriate goal in this setting. Second,

we want to understand how the number of visits affects re-arrests. This requires that we have

treatments that exogenously alter the required number of visits. Had we fixed the number

of visits and altered the incentive, we would have a binary outcome, i.e. visit goal met or

not. For the response type analysis, we need more variation in visits to explore treatment

effect heterogeneity on how visit dosage impacts recidivism.

2.1 Aftercare services

We partnered with an aftercare service provider (ASP) in Pittsburgh, PA and employed

research assistants to be on site to implement the field experiment. The ASP is a non-

profit that provides comprehensive support services to previously incarcerated individuals.10

Their reintegration program includes a variety of services, including material assistance (i.e.

bus passes, use of computers and phones, clothing), informational resources, referrals, and

guidance regarding employment, housing, other social services and obtaining an identification

card. The ASP provides these services in-house and via referrals to other service providers,

such as housing lists and mental health services, in the area.11

Our partner ASP is among the largest providers of comprehensive services to the pre-

viously incarcerated in Allegheny County, PA. There are roughly 15,000 inmates released

locally each year by Allegheny County Jail, yet few use aftercare services.12 Based on our

partner’s records, in 2015 and 2016, they served 811 individuals. The top three services used

were computer usage, bus cards, and ID assistance. Most clients (61%) came to the ASP

only once, 28% came 2-4 times, and the remaining 11% visited 5 or more times. Clients who

came more frequently were more likely to use the computer and obtain work-related services,

whereas those who visited less frequently were unlikely to seek employment help.

10Our setting is support services for post-incarceration. This differs from studies that explore programs
and interventions aimed at at-risk youth and preventing criminal behavior (i.e. Heller, 2014; Blattman et al.,
2017).

11A full list of services provided by the ASP, and whether the use of that service during a visit would
count towards a “valid” visit (for the experiment), is in Table A.2.

12The under-utilization of aftercare services for the previously incarcerated is similar to that observed of
under-utilization of benefits by the poor (Bhargava and Manoli, 2015).

6



Activities delivered by our partner center around servicing individuals’ needs, not advo-

cating for the use of particular services. During client intake, staff ask what the individual

wants to work on that day. Staff may suggest that clients take toiletries or browse the

“clothing closet.” One day a week is walk-in only, in which clients could use services without

an appointment. On other days, clients would need an appointment to meet with a staff

member and receive services.

2.2 Design

Individuals arrive at our partner ASP to use services and are invited to be part of a study

on use of aftercare services and recidivism.13 Upon agreement, a research assistant orally

completes the intake survey with the participant and records the responses. The survey

includes questions on contact information, date of birth, most recent incarceration date and

location, demographics and education.14

Upon completion of the intake survey, participants are randomized into one of three

groups: a control group and two treatment groups.15 All groups were presented with a

business-size card, the content of which varied depending on treatment assignment. On the

front of the card, there was the provider’s logo, address and phone number. On the back of

the card, a research assistant filled in the participant’s name, an identification code and the

survey date. This procedure ensures the card is unique to the participant and could not be

shared.

For the two treatment groups, the front of the card also included 5 blank boxes. Each

time a participant in the treatment groups visited the service provider and used at least one

“valid” service, a research assistant or staff member would put their initials in the box.16

Boxes would be initialized for each visit, not each service. A participant who came in to the

ASP once and used three valid services would get one box initialed, just as a participant who

came in once and used one valid service. Once all 5 boxes were initialed, the card could be

traded in for a prepaid Visa debit card loaded with $50. One of the treatment groups already

had two of the boxes initialed on the card and thus only had to complete 3 visits to get the

13The study has IRB approval from University of Pittsburgh (PRO17020307) and Texas A&M Univer-
sity (IRB2018-0488D). The study is pre-registered at the American Economics Association RCT Registry
(AEARCTR-0003375). The registration includes the study description and pre-analysis plan.

14Materials used in the field experiment and intake survey questions are in Appendix B
15Randomization was done by the research assistant shuffling 12 blank, opaque envelopes and allowing

the participant to choose one. Each envelope contained a card for one of the three treatments. There were
four envelopes for each treatment group, so each treatment had an equal probability of being assigned. The
participant and research assistant were blind to which envelope contained which treatment.

16Most services provided were counted as valid (Table A.2). However, if a participant came in to pick up
a bus pass, make a personal phone call or use the computer for personal activities (i.e. checking social media,
online search for something unrelated to core provider services), those did not count as a valid service.
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Visa card (Easy treatment). The other group had no initials on the card and thus had to

complete 5 visits to get the Visa card (Hard treatment). The treatment groups needed to

complete the required visits within a year to get the $50 Visa card. Initials and visits were

validated using the provider’s visit records prior to issuing a participant the Visa card.17

The research project fully utilized electronic record keeping, and participants were presented

with physical cards to increase saliency. Participants were informed that lost cards would

be replaced and discrepancies in visits recorded on the card would be resolved in accordance

with electronic visit records.

The Control group also received a card, but it did not have the 5 blank boxes. The front of

the card included a statement that encouraged the holder to use at least 5 services within the

year. Images of the cards used for the Control group, Easy treatment and Hard treatment are

in Appendix B.18 Upon completion of the intake survey and random assignment to treatment,

all participants are given a bus pass from the Port Authority of Allegheny County for one

week of unlimited rides (valued at $24). A bus pass is one of the most common services

sought from the ASP.

The two treatments, Easy and Hard, keep the encouragement of the $50 Visa card con-

stant and changed the cost to get the reward, i.e. by having to complete 3 or 5 visits. By

encouraging repeated exposure to aftercare, the participant may develop a relationship with

the provider staff and with a positive peer group of other clients using provider services. The

card also provides a tangible way to keep track of service usage.

2.3 Implementation

Previous incarceration is a requirement to receive services at the ASP, thus all individuals

who came to the office were eligible for invitation to be part of the study. Recruitment

began at the beginning of October 2018 and continued until mid-March 2020 when in-

person services at the provider were shut down due to lockdowns initiated by the emergence

of COVID-19.19 Research assistants were on site at the provider for partial days, four days

a week, and invited any individual who came into the office or called on the phone to be

part of the study. There were very few refusals, and most individuals who were invited to

be part of the study agreed to do so.

During the first month of recruitment, participants were placed only in the Control

17Each time a client comes in to the provider to use their services, the visit is recorded in their database,
including name of the client, date of the visit and services used. Clients are required to present identification
to use services.

18Images are displayed in Figure B.1 for Control, Figure B.2 for Easy and Figure B.3 for Hard.
19The Governor of Pennsylvania closed all non-essential businesses and issued a stay-at-home order on

March 19 and 23 (https://pittsburghpa.gov/mayor/covid-updates).
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group. There was no mention of the monetary incentive and no randomization into the

treatment groups. This was done to have a pure Control group that could not be influenced

by knowledge of the monetary incentive in the treatment groups. The behavior of the pure

Control group (n=41) is no different than the subsequent Control group (n=166), so these

two groups are combined in the analysis (Table A.1). In total, 531 individuals were recruited

to be part of our study: 207 in the Control group, 164 in the Easy treatment and 160 in the

Hard treatment.

To determine what effect size we are powered to detect, we use the probability of being

re-arrested within 20 months of release from incarceration based on a U.S. Department of

Justice report on recidivism (Durose et al., 2014). The probability of re-arrest is 56%. We

use a 20-month window as our outcome variable as this provides additional time for re-arrest

that might have been disrupted due to the COVID-19 pandemic lockdowns. Under these

assumptions, we are powered to detect a 15 percentage point reduction in re-arrest given

our sample size (power=0.8, alpha=0.05). We note that our sample includes individuals

who were released from incarceration within the previous year, as well as those who were

released several years prior. Our power calculations use the arrest rate at 20 months after

release, but our sample includes those who had been released more than 20 months prior.

Thus, with our sample, the effect size we are powered to detect may be slightly lower than

15 percentage points.

The lockdowns and business closures during the early phase of the COVID-19 pandemic

affected participants’ ability to visit the ASP for services for several months, in addition

to likely affecting the ability to commit crimes. Between March-June 2020, the provider’s

office was closed, but staff called existing clients weekly to check on material needs and

mental health. From June 2020 through April 2021, the provider returned to offering all of

its services to new and existing clients through a combination of phone calls, video-chat and

in-person appointments. During all periods of office closures, staff delivered basic necessities

such as food, clothing, IDs, toiletries, and cleaning supplies to a large number of clients.

Peer support group meetings and the mentor program transitioned from in-person meetings

to video conferences. Since April 2021, the ASP has returned to providing all services in

person.

3 Data

There are three sources of data used in the analysis. The first is the data collected from the

intake survey with our recruited sample and includes treatment assignment.

The second is from the ASP’s administrative data on background characteristics of the
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client and detailed information on visits.20 Each time a client visits the provider, the visit is

recorded in their digital records, including the client’s name, date of visit and services used. A

visit is coded as “valid” if it was to use a provider service, such as housing search, food pantry,

clothing, mentoring, support group, family services, employment services or obtaining an

identification card (Table A.2 lists services and whether they counted towards a valid visit).

Personal use of the phone or computer is not counted as valid. We broadly categorize services

for the analysis into short-run necessities (i.e. clothing, food, transportation, housing) and

longer-run needs (ID card, employment, mentoring, peer support group, family services).

The third is public data from the Unified Judicial System (UJS) of Pennsylvania.21 This

data set includes criminal offense and arrest records in Pennsylvania. Currently, there is

no single data source that combines criminal offense and arrest records across all states.

Finding these data in all states would require a state-by-state search. This is not done

because of limited resources and it would likely yield few additional results.22 Thus, our

outcome variable is a lower bound on the total number of criminal offense and arrest records

a participant could have. We obtained records for the period January 2011 through December

2021.

For our analysis, a criminal offense is defined as an encounter with law enforcement

that resulted in a record entry in the UJS data, and an arrest is when the criminal offense

produced an arrest. Not all criminal offenses end up in an arrest. For example, violations,

such as traffic infractions or failure to pay court fees that do not result in an arrest, do not

count as an arrest. We do not distinguish between an arrest where charges were dropped or

sustained. In the analysis, we use arrests that appear in the UJS data after the participant

was recruited into our study.

4 Sample description

4.1 Characteristics

Table 1 provides summary statistics for our sample, based on responses to the intake survey.

Across all treatments, 28% of participants are female, 47% are classified by the ASP as

20The ASP’s data include date of birth, sex and race of client and each time the client visited.
21We also searched federal crimes in the Public Access to Court Electronic Records (PACER) system.

These data do not have birth dates, so we could not verify that a match on name was a valid match. Thus,
we do not use these data in our analysis.

22Evidence suggests the previously incarcerated participants in our study have limited mobility. All
participants, and all clients at the ASP, resided in western Pennsylvania. In 2020, most (82%) resided in
15 zip codes in Pittsburgh. The remaining 18% resided in 38 different zip codes throughout southwestern
Pennsylvania.
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Black, <1% as Hispanic/Multiple and 53% as White. The average age is 42.6 years, 6%

are married or with a partner and have two children. The average education level is a high

school diploma, 26% were employed at the time of intake and 31% knew of the ASP while

they were incarcerated. The participants are a mix of recently arrested and those who have

not been arrested for a while. The average year of last arrest is 2015 (3 years prior to the

start of our study), and the average duration of the most recent incarceration was 745 days

(2 years). This means that, on average, our participants were within a year of release from

incarceration when they enrolled in our study.

The table also reports summary statistics separately for the Control, Hard and Easy

groups. The groups are balanced on these observable characteristics, with the exception of

the probability of being employed at the time of intake. The final table column reports the

p-value of an F-test of equality of coefficients across the three groups.

Table 1: Sample description and balance across treatment groups

All s.d. Control s.d. Hard s.d. Easy s.d. F-test p-val.

Female 0.28 0.45 0.28 0.45 0.30 0.46 0.25 0.43 0.51 0.60
Black 0.47 0.50 0.47 0.50 0.49 0.50 0.44 0.50 0.49 0.61
Age 42.56 11.04 42.48 10.85 42.02 11.06 43.18 11.28 0.46 0.63
Married/Partnered 0.06 0.25 0.07 0.25 0.06 0.23 0.07 0.25 0.09 0.91
Education (years) 12.21 1.61 12.18 1.60 12.15 1.64 12.30 1.59 0.39 0.68
Employed 0.26 0.44 0.27 0.45 0.20 0.40 0.30 0.46 2.37 0.09
Knew the aftercare 0.31 0.46 0.29 0.45 0.33 0.47 0.32 0.47 0.34 0.71
Number of children 2.06 2.17 2.18 2.17 2.01 2.09 1.98 2.27 0.48 0.62
Has other support 0.43 0.50 0.46 0.50 0.42 0.49 0.41 0.49 0.57 0.57
Year of last arrest 2,015.47 5.43 2,015.20 5.88 2,015.41 5.77 2,015.88 4.43 0.70 0.50
Duration of last incarceration 744.74 1,321.83 714.72 1,317.96 747.58 1,301.81 777.16 1,352.32 0.09 0.91
Arrested 20m prior to study 0.34 0.48 0.35 0.48 0.38 0.49 0.29 0.46 1.48 0.23
Observations 531 207 160 164

Notes: The Control group pools the pure Control and the subsequent Control groups together. A sample description of all four
treatment groups is reported in Table A.1. The last two columns report the F-test statistic and corresponding p-value of a joint
test of equality across the three treatment groups (Control, Hard, Easy). Numbers are average, and s.d. is standard deviation.
Female is a dummy variable for female. Black is a dummy variable for black participant. Age is in years. Not single is a dummy
variable for being in a relationship. Education is in years. Employed is a dummy variable for being currently employed at the
time of recruitment into the study. Knew aftercare is a dummy variable for having heard of our partner ASP while incarcerated.
No. children is number of children. Has other support is a dummy variable for having access to other support services. Year
of last arrest is year. Duration of last incarceration is length of most previous incarceration in days. Arrested 20m prior is a
dummy variable for having been arrested at least once during the 20 months prior to recruitment into the study.

4.2 Services used

Participants used a variety of services at the ASP during visits, and the composition changes

over time. Figure 1 shows the types of services used during the first through fifth and

beyond visits for participants who completed five visits.23 Services are grouped into short-

23The figure is similar if we use all participants. Participants complete a different number of visits, so the
composition of participants change over the number of visits. Figure 1 fixes the group of participants and
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run necessities (food, housing, clothing, transportation) and longer-run needs (identification

card, employment, family services, mentoring, peer group support). The figure shows that,

on the first visit, 66% of services used are for short-run necessities. This proportion drops

each subsequent visit. Only from the fifth visit onward does demand for services that address

longer-run needs become more prominent.

This suggests that participants require at least three visits, and likely more, before needs

such as employment become more important. Programs that focus exclusively on employ-

ment and training of the previously incarcerated may need to address short-run necessities

first.24
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Figure 1: Percent of services used for short-run necessities (i.e. clothing,
housing, food, transportation) by visit number

5 Treatment effects - ITT and LATE

5.1 Intent to treat

We first look at intent-to-treat effects on visits, then on arrests. The average number of visits

in the Easy treatment are 3.07, in the Hard treatment are 2.51 and in the Control are 1.98.

shows how the services used by that group varies by visit number.
24Studies focusing on employment assistance for the previously incarcerated find employment referrals

to be ineffective (Farabee et al., 2014), benefits in the short run (Cook et al., 2015) and no effect on labor
market outcomes (D’Amico and Kim, 2018).

12



These are significantly different from one another.25 This confirms that our encouragement

design worked as intended and increased the number of visits for those offered the $50

incentive compared to those who were not offered an incentive. However, those in the Hard

treatment, that required 5 visits to get the incentive, recorded fewer visits than those in the

Easy treatment, that required 3 visits. The higher threshold in the Hard treatment may

have appeared too difficult to reach and then discouraged visits.

Figure 2 tracks how the number of visits changed over the 12 months following enrollment.

Participants had one year to complete the required number of visits for the $50 incentive in

the Easy and Hard treatments. We confirm the ranking of visits by treatment holds over

the 12 months. Visits are consistently lowest in the Control group, higher in the Hard group

and highest in the Easy group. These differences are significantly different at every month

since enrollment.
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Notes: The figure shows the average cumulative number of visits per treatment group at each month
following enrollment in the study. Error bars denote standard errors.

Figure 2: Average number of visits by treatment

Treatment effects on the probability of arrest are illustrated in Figure 3. This figure

shows the average probability of having been arrested since study enrollment for each of the

following 20 months across the treatment groups. By construction, the probability of arrest

does not decrease over time. The figure shows either no difference across treatments groups

or with an unexpected sign. The average probability of arrest is not significantly different

between the Control and Easy groups, however, comparing the Hard to the Control group,

25Hard v. Control t-test = -2.22 (p-value = 0.0267). Easy v. Control t-test = -4.09 (p-value = 0.0001).
Hard v. Easy t-test = -1.83 (p-value = 0.0676).
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the probability of arrest is significantly higher for the Hard group in a middle period, i.e.

months 5-12, but is not significantly different earlier or later.
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Notes: The figure shows the average probability of having been arrested from the date of enrollment into

the study up to 20 months following enrollment. The probability is illustrated at each month following

enrollment and for each of the three treatment groups. Error bars denote standard errors.

Figure 3: Probability of arrest by treatment

5.2 Local average treatment effect

Not all participants assigned to the Easy and Hard treatments completed the required num-

ber of visits for the $50 incentive. Figure 4 shows the distribution of total visits completed

in the 12 months following enrollment across the three treatment groups. The bars in blue

denote the proportions that completed the required number of visits, or more, for that

treatment and received the incentive. Almost half of those assigned to the Easy treatment

received the incentive (30% completed 3-4 visits, 19% completed 5+ visits). In the Hard

treatment, 19% percent received the incentive.26

The treatment effects on arrests reported in Figure 3 mixes the behavior of compliers

and non-compliers. To estimate the effect of the treatment on compliers, we use assignment

to treatment as an instrument to predict the number of visits and examine the causal effect

of visits on the probability of committing a criminal offense and the probability of arrest.

26We examine whether there are observable characteristics that correlate with completing the treatment.
Table A.3 reports the results of a linear probability model of completing the Easy and Hard treatment on
observable characteristics. The only significant effect is that women are 17 percentage points more likely to
comply in the Hard treatment. We note that this regression mixes different response types (as discussed in
Section 6).
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Notes: Blue indicates the proportion in Easy and Hard that completed the required number of visits for the
$50 incentive. Error bars denote standard errors.

Figure 4: Total number of visits completed 12 months after enrollment

These results are reported in Table 2. As a benchmark, the first two columns report the OLS

estimates of treatment assignment on the probability of criminal offense and the probability

of arrest 20 months after enrollment. Column 3 shows the first-stage of an IV regression of

the effect of treatment assignment on number of visits. These show positive and significant

effects of treatment on number of visits. Columns 4 and 5 report the instrumented estimates

of number of visits on the probability of a criminal offenses and arrest. On average, the

treatment induced number of visits has no significant effect on criminal offenses or arrests.

If the intensity of treatment, visits in our case, is monotone on treatment assignment, then

the LATE estimate is a linear combination of the treatment effect on those who increase visits

due to treatment assignment (see Angrist and Imbens, 1995). With multi-valued treatments,

monotonicity implies that visits should be ordered by first-order stochastic dominance by

treatment. Figure A.2 shows the cumulative distribution of visits by treatment and we

confirm that they are ordered by first order stochastic dominance.27 Given this, we conclude

that the results of Table 2 are either due to visits having no effect for all complier types or

visits having positive effects for some complier types and negative effects for other complier

types. Complier types are latent, and the next section develops a framework that allows us

to distinguish between these two possible explanations by identifying treatment effects of

different response types.

27Using Barrett and Donald (2003) dominance test we reject the hypothesis that Control FOSD Hard
(p-value = 0.04), Control FOSD Easy (p-value < 0.001), and Hard FOSD Easy (p-value = 0.007). We cannot
reject the reverse ordering.
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Table 2: Treatment effects under monotonicity (OLS/IV regressions)

OLS IV
Criminal Criminal
offenses Arrests Visits offenses Arrests

(1) (2) (3) (4) (5)
Easy -0.022 0.033 1.091***

(0.052) (0.045) (0.263)
Hard 0.038 0.058 0.537**

(0.052) (0.045) (0.265)
Completed visists in a year -0.017 0.032

(0.047) (0.042)
Constant 0.406*** 0.217*** 1.976*** 0.453*** 0.165

(0.034) (0.030) (0.175) (0.118) (0.106)
Obs 531 531 531 531 531
R2 0.002 0.003 0.032

* p<0.10, ** p<0.05, *** p<0.010

Notes: Columns (1) and (2) report ordinary least square (OLS) estimates of treatment assignment on the
probability of having a criminal offense and the probability of having an arrest 20 months after enrollment
into the study. Column (3) reports the first-stage of an OLS instrumental variable regression of treatment
assignment regressed on number of visits. Columns (4) and (5) report the second stage, where the number of
visits, instrumented by treatment assignment, is regressed on outcomes. * p<0.10, ** p<0.05, *** p<0.010

6 Response types

While the average treatment effect on arrests of compliers is null in our setting, compliance

can manifest in many different ways. There are three treatments, and a participant can

choose any number of visits. This is a more complex setting than one in which there is a

control and treatment group and treatment on compliers can be deduced through LATE-

type estimation (Imbens and Angrist, 1994). We adapt the framework of Pinto (2021) and

Heckman and Pinto (2018) for multiple potential response types to our setting. We first

describe the framework, then validate our assumptions and identification. Treatment effects

on arrests, and offenses, across response types are reported, and heterogeneity is examined.

6.1 Description of framework

With three treatments (Control, Hard, Easy) and visit behavior binned into three groups

(0-2 visits, 3-4 visits, 5+ visits), there are 27 potential visit patterns in response to treatment

assignment (Table C.1).28 These response types represent the latent characteristic of how an

individual would respond to any treatment assignment. For example, an individual might

28Possible patterns of the three binned visit behavior across the three treatments are 33 = 27.
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be unresponsive to treatment assignment and always complete 5+ visits. Another person

might complete 0-2 visits when assigned to the Control and 5+ visits when assigned to Easy

or Hard.

Heckman and Pinto (2018) discuss identification of treatment effects in the case of multi-

ple response functions. They introduce the concept of unordered monotonicity which requires

all response types to respond uniformly to an instrument (treatment assignment in our case).

They also show that the Weak Axiom of Revealed Preference (WARP) further reduces the

number of response types consistent with rationality. Pinto (2021) fully develops this idea

showing that in encouragement designs, such as ours, WARP can substantially reduce the

number of admissible response types.

To gain intuition, uniformity requires that all response types either increase visits in

the Easy treatment compared to the Control or all response types decrease visits. WARP

requires that the option that is not chosen in a treatment condition when another option

was available also not be chosen when these two alternatives are available and offer similar

bonuses. For instance, a person choosing 3-4 visits in the Control reveals that she prefers

this to 0-2 visits. Therefore, if this person chooses 0-2 over 3-4 in the Easy condition, where

she would get a $50 bonus for 3-4 visits, she would violate economic rationality.

Formally, we describe the choice of visits as a combinatorial demand problem (Cham-

bers and Echenique, 2018). We consider each treatment (Control, Easy and Hard) as a

choice situation or menu. To model behavior, we define a discrete set of visits V = {L =

{0, 1, 2},M = {3, 4}, H = {5, .}}. The choice of the number of visits to complete is rep-

resented by a vector (xk
L, x

k
M , xk

H) for k = Control, Easy and Hard, such that xk
i ∈ {0, 1}

and xk
L + xk

M + xk
H = 1.29 Let pki for i = L,M,H and k = Control, Easy and Hard be the

associated prices or costs for each number of visits. Given income I, we can define a choice

set as Ck = {(xk
L, x

k
M , xk

H , c) : pkLx
k
L + pkMxk

M + pkHx
k
H + c ≤ I} for k = Control, Easy and

Hard.

The choice A = (xk
L, x

k
M , xk

H , c) is directly revealed preferred to choice B = (xk′
L , x

k′
M , xk′

H , c
′)

if B ∈ Ck and A is chosen. We appeal to the Weak Axiom of Revealed Preference (WARP),

defined as: If A is directly revealed preferred to B, then B is not directly revealed preferred

to A.

Having defined the choice problem, we can implement a test of WARP for any arbitrary

income I and vector of prices (pkL, p
k
M , pkH). In our context, due to subsidies, we have the

following restrictions: pEasy
M < pControl

M = pHard
M and pEasy

H = pHard
H < pControl

H . Under these

assumptions, it can be shown that only 9 out of 27 possible response functions satisfy WARP.

29The assumption that only one of the set of visits is chosen is not necessary for the results in this section,
but it is reasonable in our experimental context.
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Table C.1 shows the violations of WARP leading to the reduction of types to nine. Additional

assumptions on preferences, such as normality (Pinto, 2021), could be invoked to reduce

the number of behavioral types who satisfy rationality even further. We do not make any

additional assumptions since our data show that some of these types are not empirically

relevant, and new assumptions do not change our identification results.30 We note that

WARP, contrary to the Generalized Axiom of Revealed Preference (GARP), implies that

demand is a function over choice sets instead of a correspondence. GARP allows 5 additional

behavioral types in our setting. That is, assuming WARP is not without loss of generality.31

We further reduce the number of types by observing that three of the nine types that

satisfy WARP require that participants switch from less than 5 visits in the Easy condition

to 5+ visits in the Hard condition. We glean from Figure 4 that these response types are not

empirically relevant in our data. If they were present, we would observe that the number of

5+ visits in the Hard condition is larger than in the Easy condition. That is not the case.

The proportional increase in 5+ visits between these conditions is 0.15%. We conclude that

while these three response types are logically possible, they are not empirically relevant in

our sample. Thus, the number of response types that satisfy WARP and are empirically

relevant in our sample is six.

Table 3 lists the six response types used in the analysis. Types 1-3 do not change their visit

behavior by treatment assignment. These types are non-compliant, or “never takers/always

takers,” in that treatment assignment does not affect how many visits they complete. Types

4-6 do change visit behavior by treatment assignment. These types are partially compliant.

Type 4 completes 0-2 visits when assigned to Control and Hard and 3-4 when assigned to

Easy. This type would get the $50 incentive if assigned to the Easy treatment but not if

assigned to the Hard treatment. Type 5 completes 0-2 visits in Control and increase visits

to 5+ in Easy and Hard. Type 6 completes 3-4 visits in Control and increases visits to 5+

in Easy and Hard. Types 5 and 6 would earn the $50 incentive if assigned to the Easy or

Hard treatments.

The largest share of types are non-compliers (Types 1-3).32 They comprise 73% of our

sample, with over half of our participants classified as Type 1 that completes 0-2 visits

in all treatment conditions. Compliers (Types 4-6) are 27% of the sample. In sum, most

of the participants are not affected by treatment and complete the same number of visits

irrespective of assignment.

30For instance, in this context, quasi-linearity implies the law of demand. This does not reduce the
number of possible behavioral types.

31Code to implement these tests is available from the authors.
32We follow the method in Pinto (2021) to calculate the proportion of types.
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Table 3: Response types

Treatments
Control Easy Hard Percent

Type 1 {0,1,2} {0,1,2} {0,1,2} 51%
Type 2 {3,4} {3,4} {3,4} 14%
Type 3 {5,.} {5,.} {5,.} 8%
Type 4 {0,1,2} {3,4} {0,1,2} 15%
Type 5 {0,1,2} {5,.} {5,.} 8%
Type 6 {3,4} {5,.} {5,.} 3%

Notes: Each row reports the number of visits the latent response type would complete in Control, Easy and
Hard. Percent is the proportion of participants estimated to be fit that type.

6.2 Validating assumptions and identification

Before we proceed to the analysis of treatment effects by response types, we investigate what

counterfactual outcomes and treatment effects can be identified and if the data are consistent

with the characterization of types we propose.33

Using the information in Table 3, we can directly identify the counterfactual outcomes

for Types 1-3. Type 1 is the only type choosing 0-2 visits in Easy, so this counterfactual is

identified by the behavior of those choosing 0-2 visits in Easy. Similarly, Type 2 is the only

type choosing 3-4 in Hard, and Type 3 is the only type choosing 5 or more visits in Control.

These counterfactuals are identified directly.

Some counterfactual outcomes are over-identified. In particular, we observe that in Con-

trol only Type 3 completes 5+ visits while both Type 5 and Type 6 do so in both Easy and

Hard. This means that outcomes (i.e. arrests) for those completing 5+ visits in Easy and

Hard should be the same. We check this with our data. The probability of having been

arrested 20 months after recruitment is 0.35 in Easy and 0.20 in Hard for those completing

5+ visits (difference in means p-value = 0.1833). While the probabilities differ, they are not

significantly differently.

The identification of counterfactuals and treatment effects for other response types is

more involved. As an example, Figure 5 gives a graphical representation of how we can

identify the treatment effect for Type 4. The choice of 0-2 visits is represented in gray, the

choice of 3-4 visits is represented in yellow, and the choice of 5+ visits is represented in blue.

Type 4 completes 3-4 visits in Easy, but completes 0-2 visits in Hard. As the figure shows,

Type 4 is the only feasible type that changes behavior between Easy and Hard. This implies

that we can identify the treatment effect for Type 4 by estimating the effect of completing

33A detailed explanation of the identification of types and their counterfactual behavior is provided in
Appendix C.
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{0, 1, 2} → {3, 4}
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{5, . . .}
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Notes: The left column presents the distribution of choices by type in Hard. The right column presents the
distribution of choices by type in Easy. The choice of 0-2 visits is represented in gray, the choice of 3-4 visits
is represented in yellow, and the choice of 5 or more visits is represented in blue. Type 4 switches from
0-2 visits in Hard to 3-4 visits in Easy. A LATE type regression in the sub-sample of Easy and Hard on a
dummy for the choice of 3-4 visits instrumented by treatment assignment identifies the TE of 3-4 visits for
Type 4.

Figure 5: Identification of TE for Type 4

3-4 visits, instrumented by treatment assignment, on arrests.34 The estimation is done in

the Easy and Hard subsample since in Control other response types change behavior. This

approach estimates the LATE of 3-4 visits for Type 4. (Pinto, 2021) provides a complete

method to estimate each counterfactual in settings like ours.

Appendix C shows that all but two counterfactuals are identified. It is not possible

to identify the treatment effect of 5+ visits for Type 5 and Type 6 separately. This is

because both types always choose to complete 5+ visits in the same treatments. Figure A.1

presents the comparison of behaviors in Hard and Control. In this case, an instrumental

variable regression on a dummy for completing 5+ visits in Control and Hard mixes the

counterfactuals of Type 5 and Type 6. Type 5 moves from 0-2 visits to 5+ visits and Type

5 moves from 3-4 visits to 5+ visits.35

6.3 Estimation

The previous section shows that our data do not reject the assumed approach and that not

all counterfactuals and treatment effects are point identified. Using an instrumental variable

approach for estimation does not impose logical constraints on counterfactuals, which are

34More precisely, we create an indicator variable that equals one if 3-4 visits are completed and an indicator
that equals one if a subject is assigned to Easy. We estimate the effect of 3-4 visits on arrests using the
indicator of Easy as an instrument for the indicator of 3-4 visits.

35Appendix D presents estimates of counterfactuals and (bounds) on treatment effects using an instru-
mental variable approach.
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all probabilities and therefore bounded between 0 and 1. As shown by Heckman and Pinto

(2018) the model we use is a discrete mixture latent class model. We can therefore estimate

the model using standard maximum likelihood techniques and insure that counterfactual

estimations are logical. This is our preferred approach.36

All but two counterfactuals are point identified (i.e. the probability of arrest for Type

5 and Type 6 after completing 5+ visits). We, therefore, need to make an identifying

assumption to be able to estimate the model. We assume that these counterfactuals are the

same for both Type 5 and Type 6. Maximum likelihood allows us to exploit the fact that

some counterfactuals are over-identified and obtain more precise estimates.

We model the joint distribution of visits (x) and arrests (y) by treatment condition (T )

according to the following equation:

Pr(y, x|T ) =
∑
i

Pr(y, x|i, T )Pr(i|T ) =
∑
i

Pr(y|x, i)Pr(x|i, T )Pr(i) (1)

where i = 1, . . . , 6 are the response types. The first equality follows from the law of total

probability. The second equality follows from conditional probability and random assign-

ment. Counterfactuals are independent of treatment assignment, but treatment take-up

varies with treatment assignment. Finally, the distribution of latent types is independent of

treatment assignment due to randomization. Parameters Pr(x|i, T ) are known from Table

3. Parameters Pr(y|x, i) and Pr(i) are estimated. Estimations restrict these parameters to

be between 0 and 1.

6.4 Treatment effects on arrests by response types

Using the estimation method described in the previous section, we examine the counterfac-

tual arrest probabilities and treatment effects on arrests 20 months after enrollment into

the study. The left panel in Figure 6 shows the counterfactual probability of arrest for each

type.37 The counterfactual probability for non-compliers (Types 1-3) is around 25% and

does not differ markedly across non-complier types. Counterfactual probabilities differ for

partial compliers depending on whether they visit 0-2, 3-4 or 5+ times.

The right panel in Figure 6 shows the treatment effect of an increase in visits on the

probability of arrest for partial compliers. This shows how the probability of arrest changes

for each type as visits increase. For Type 4, an increase in visits from 0-2 to 3-4 causally

36We verify our results using Pinto (2021)’s instrumental variable method. These are presented in Ap-
pendix D.

37Tables A.4 and A.5 report the estimates that generate the figures in Figure 6. The tables report
estimates in 4-month intervals, i.e. at 4 months, 8 months, ..., 20 months.
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decreases the probability of arrest by 17.6 percentage points and is imprecisely estimated

(p-value = 0.566). For Type 5, an increase in visits from 0-2 to 5+ significantly increases the

probability of arrest by 29.7 percentage points (p-value = 0.062). For Type 6, the treatment

effect is no different from zero. The difference in treatment effects for Type 4 and Type 5

is 47.4 percentage points, as reported in Table A.5, and is imprecisely estimated (p-value =

0.118).
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Notes: The left panel shows the counterfactual probability of arrest at 20 months after enrollment
into the study for each type by number of visits. The right panel shows the treatment effects of
changing visits for Types 4-6. For instance, for Type 4, this shows the treatment effect of moving
from 0-2 visits to 3-4 visits on the probability of arrest at 20 months after enrollment. Error bars
denote standard errors.

Figure 6: Counterfactuals and treatment effects on arrest rates at 20
months after enrollment

In sum, while the average treatment effect on arrests for all compliers is null, there is

heterogeneity in treatment response types. For some individuals, an increase in visits results

in a decrease in the probability of arrest (Type 4), and for others it results in an increase in

the probability of arrest (Type 5).

6.5 Criminal offenses

As mentioned in Section 2, the early phase of the COVID-19 pandemic likely affected the

ability to commit crimes. In our data, during the period of April-December 2020 compared

to the same period in 2019, there were 44 percent fewer recorded arrests and 22 percent fewer

recorded criminal offenses. While this shock to criminal activity does not affect the internal

consistency of our study, due to random assignment to treatment, it can affect our ability

to detect treatment effects. The sensitivity of our main outcome variable, the probability of

arrest, is reduced.
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We investigate if the treatment effect patterns we uncover can be reproduced using an

alternative measure of risk of recidivism: criminal offenses. A criminal offense needs to occur

for there to be an arrest, but a criminal offense can be put on record without leading to an

arrest. Criminal offenses are correlated with future arrests (USSC, 2004, 2017) and may be

a valid surrogate variable. If so, they can be used to peer into longer lasting effects of the

intervention.

We confirm in our sample that criminal offenses are good predictors of future arrests. To

eliminate bias from treatment assignment, we use offense and arrest data from UJS prior

to recruitment into the study. We look at the period 11-20 months prior to recruitment

and participants with no arrests in that same period. We find that those with at least one

criminal offense during that period are arrested in the 10 months prior to recruitment 27.6%

of the time while those without an offense were arrested 12.8% of the time (Fisher exact test

p-value = 0.001). Having a criminal offense is correlated with a higher probability of being

arrested.38

Appendix E reproduces the analysis presented thus far using criminal offenses as the

outcome variable. We find the same patterns, but more precisely estimated. For Type 4,

an increase in visits from 0-2 to 3-4 causally decreases the probability of a criminal offense

by 52.8 percentage points (p-value = 0.062). For Type 5, an increase in visits from 0-2

to 5+ significantly increases the probability of a criminal offense by 36.3 percentage points

(p-value = 0.072). For Type 6, the treatment effect is no different from zero. The difference

in treatment effects for Type 4 and Type 5 is 89.2 (p-value = 0.014) percentage points. See

Table E.2 for results.

We conclude that the patterns of behavior found using arrests reproduce for criminal

offenses. This suggests that arrest data might produce downward-biased estimates or that

treatment effect might manifest later.

6.6 Heterogeneity

We examine differences across response types along two dimensions, observable characteris-

tics and treatment response.

38Athey et al. (2018) suggest testing if the treatment effect on the surrogate multiplied by the effect of the
surrogate on the outcome of interest equals the treatment effect on the outcome of interest. In our sample,
the coefficient of having an offense in the 10 months after the intervention on having an arrest 20 months
after the intervention is 0.62. For the Hard condition, the ITT estimate on having an arrest 20 months after
the intervention is 0.057. The treatment effect of the surrogate (offenses in 10 months) multiplied by the
effect of the surrogate on arrests in 20 months is 0.023. For the Easy condition, the ITT estimate on having
an arrest 20 months after the intervention is 0.033. The treatment effect of the surrogate (offenses in 10
months) multiplied by the effect of the surrogate on arrests in 20 months is -0.001. These results suggest
that offenses slightly underestimate future treatment effects on arrests.
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Characteristics of the six types are reported in Table A.6. Both Types 1 and 2 share

similar characteristics to the study sample (as shown in Table 1), however the type that

always visits 5+ times (Type 3) is more likely to be female (42%), less likely to be employed

(13%) and have a longer previous incarceration (1,119 days). Among the partial compliant

types, Type 4 shares similar characteristics with the study sample on many characteristics,

although this type is less likely to be employed (1%) and have a shorter previous incarceration

(382 days). The treatment effect for Type 4 is a reduction in the probability of arrest,

however, among our study sample, observable characteristics may not help much to identify

this latent response type. Type 5 is more likely to be male, and Type 6 is more likely to be

female.

Next, we examine heterogeneity in treatment effects for the partial compliant response

types.39 We do not examine heterogeneity by sex, as the majority of our participants are

male. Instead, we look at heterogeneity by race. Figure 7 shows heterogeneous treatment

effects on the probability of arrest at 20 months after enrollment separated by black and

non-black participants.40

For black participants, when Type 4 increases visits from 0-2 to 3-4, this causally and

significantly decreases the probability of arrest by 84.8 percentage points. When a Type 5

increases visits from 0-2 to 5+, this causally and significantly increases the probability of

arrest by 32.3 percentage points. There is no significant effect of an increase in visits for

Type 5. For non-black participants, there are no significant effects of an increase in visits on

the probability of arrest. Appendix E shows that these heterogeneous effects are also present

in criminal offenses.

These results are robust to alternative estimation approaches and conditioning on par-

ticipant characteristics. The treatment effect for Type 4 for black participants is robust to

multiple hypothesis testing, but the treatment effect for Type 5 for black participants is

not.41

39Addressing multiple hypotheses testing using maximum likelihood requires assessing the composition
of response types in each bootstrap sample to secure identification. We provide an alternative reduced-form
approach to multiple hypotheses testing in Appendix D.

40Figure ?? shows the counterfactuals by type for black and non-black participants. Table A.7 reports
the treatment effects displayed in Figure 7 and differences in treatment effects across types. Tables A.8 and
A.9 report estimates in 4-month intervals, i.e. at 4 months, 8 months, ..., 20 months for black participants
and Tables A.10 and A.11 for non-black participants.

41See Appendix D for these results.
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Notes: The panels show the treatment effects of changing visits for Types 4-6 for black and non-black
participants. For instance, for Type 4, this shows the treatment effect of moving from 0-2 visits to
3-4 visits on the probability of arrest at 20 months after enrollment. Error bars denote standard
errors.

Figure 7: Treatment effects on arrest rates at 20 months after enrollment
by participant race

7 Conclusion

We set out to investigate whether support services for previously-incarcerated individuals

can help decrease future criminal activity. Given the heterogeneity in services offered and

needed, we concentrate on the effect of treatment dosage on re-arrest which we implemented

through an encouragement design. We find null intent-to-treat and local average treatment

effects on the probability of arrest. These results are due to the fact that service usage has a

positive effect for some treatment response types, but a negative effect for other treatment

response types. The most positive effects, from the view point of reducing crime, are accrued

when a small dosage is used. Larger dosages produce negative effects.

We uncover the existence of essential heterogeneity in treatment effects that is weakly

correlated with observable characteristics. This introduces a trade-off between designing

policies that help most of those treated and potentially more effective policies that require

costly targeting. Our study motivates investment in developing behavioral measures that

help predict treatment responses and treatment effects, as suggested by Chassang et al.

(2012). Our findings suggest taking a second look at support services for the previously

incarcerated, for which the current evidence on effectiveness is mixed. A fruitful avenue to

explore would be to deploy research designs that can help uncover what aspects are most

effective in aiding those seeking help.
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APPENDICES INTENDED FOR ONLINE PUBLICATION

A Extra figures and tables
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Notes: The figure shows the distribution of types across the Hard and Control groups. Types 5 and 6
increase to 5+ visits in the Hard treatment. We cannot separately identify behavior across the two types
without additional assumptions.

Figure A.1: Identification of treatment effect for Types 5 and 6
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Figure A.2: Distribution of number of visits by treatment
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Notes: Both panels show the counterfactual probability of arrest at 20 months after enrollment into
the study for each type by number of visits. Error bars are standard errors.

Figure A.3: Counterfactuals on probability of arrest at 20 months after
enrollment by race
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Table A.1: Sample description and balance across treatment groups - all subsamples used in analysis

Control Treated
All s.d. Impure s.d. Pure s.d. 5 visits s.d. 3 visits s.d. F-test p-val.

Female 0.28 0.45 0.29 0.45 0.24 0.43 0.30 0.46 0.25 0.43 0.45 0.72
Black 0.47 0.50 0.45 0.50 0.56 0.50 0.49 0.50 0.44 0.50 0.91 0.44
Age 42.56 11.04 42.59 10.57 42.05 12.04 42.02 11.06 43.18 11.28 0.33 0.80
Married/Partnered 0.06 0.25 0.08 0.27 0.02 0.16 0.06 0.23 0.07 0.25 0.60 0.61
Education (years) 12.21 1.61 12.25 1.73 11.90 0.90 12.15 1.64 12.30 1.59 0.78 0.51
Employed 0.26 0.44 0.26 0.44 0.32 0.47 0.20 0.40 0.30 0.46 1.77 0.15
Knew the aftercare 0.31 0.46 0.28 0.45 0.32 0.47 0.33 0.47 0.32 0.47 0.29 0.83
Number of children 2.06 2.17 2.13 2.02 2.37 2.69 2.01 2.09 1.98 2.27 0.45 0.72
Has other support 0.43 0.50 0.48 0.50 0.41 0.50 0.42 0.49 0.41 0.49 0.54 0.65
Year of last arrest 2,015.47 5.43 2,014.95 6.34 2,016.26 3.19 2,015.41 5.77 2,015.88 4.43 1.07 0.36
Duration of last incarceration 745 1,322 697 1,337 785 1,253 748 1,302 777 1,352 0 1
Observations 531 166 41 160 164

Notes: Numbers in columns are averages, except for columns labelled s.d. which is the standard deviation. The last two columns report the F-statistic and p-value for a joint
test of equality of the row variable across all treatments.
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Table A.2: Services offered by the Aftercare Service Provider (ASP) and
whether use of the service during a visit would count as a valid visit in the
Easy and Hard treatments

Counted as
Services offer by Aftercare Service Provider valid visit

1 Housing - search for options yes
2 Food pantry and food voucher yes
3 Clothing closet and clothing voucher yes
4 Mentoring resources yes
5 Family services yes
6 Peer support group program yes
7 Employment - resume, job applications, training and education searches yes
8 Obtaining a state identification card yes
9 Computer and phone use for housing or employment search yes
10 Pick up bus pass (only reason for visit) no
11 Personal use of phone or computer no
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Table A.3: Linear probability model of compliance by treatment

Easy Hard
Female 0.023 0.171**

(0.100) (0.069)
Black 0.092 0.057

(0.084) (0.063)
Age 0.002 0.002

(0.004) (0.003)
Employed -0.038 0.128

(0.089) (0.079)
Knew FOH 0.075 -0.045

(0.087) (0.066)
In a relationship 0.065 -0.081

(0.159) (0.134)
Obs 164 160
R2 0.019 0.074

Notes: The dependent variables is a dummy variable that equals one if the participant was a complier in
that treatment. Reported coefficients are from an ordinary least squares (OLS) regression. Standard errors
in parentheses. * < 0.10, ** < 0.05, *** < 0.01.

Table A.4: Counterfactuals by type using Maximum Likelihood

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.071 0.027 0.119 0.034 0.179 0.041 0.226 0.044 0.262 0.045
Type 2: Med 0.087 0.054 0.130 0.055 0.130 0.068 0.174 0.069 0.217 0.074
Type 3: High 0.125 0.077 0.187 0.103 0.250 0.113 0.250 0.113 0.250 0.115
Type 4: Low 0.160 0.131 0.285 0.196 0.311 0.213 0.286 0.217 0.291 0.219
Type 4: Med 0.080 0.085 0.119 0.108 0.162 0.118 0.159 0.124 0.115 0.116
Type 5: Low 0.000 0.005 0.000 0.000 0.000 0.011 0.000 0.017 0.000 0.023
Type 5: High 0.054 0.065 0.176 0.111 0.216 0.119 0.243 0.121 0.297 0.135
Type 6: Med 0.494 0.402 0.232 0.408 0.697 0.405 0.331 0.404 0.255 0.405
Type 6: High 0.054 0.065 0.176 0.111 0.216 0.119 0.243 0.121 0.297 0.135

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20 months after enrollment.
s.e. are standard errors.

Table A.5: Treatment effects for partial compliers using Maximum Likelihood

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 -0.080 0.760 -0.166 0.482 -0.149 0.556 -0.127 0.660 -0.176 0.566
TE for Type 5 0.054 0.518 0.176 0.178 0.216 0.124 0.243 0.096 0.297 0.062
TE for Type 6 -0.441 0.366 -0.056 0.888 -0.480 0.588 -0.087 0.874 0.043 1.000
TE Type 4 - TE Type 5 -0.134 0.456 -0.342 0.134 -0.365 0.158 -0.370 0.162 -0.474 0.118
TE Type 4 - TE Type 6 0.360 0.508 -0.110 0.924 0.332 0.790 -0.040 0.980 -0.219 0.900
TE Type 5 - TE Type 6 0.494 0.294 0.232 0.524 0.697 0.260 0.331 0.418 0.255 0.482

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are listed in the
last three rows.
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Table A.6: Description of complier types

Female Black Age Not single Education Employed

Type 1 0.25 0.42 42.17 0.06 12.1 0.27
(0.04) (0.04) (0.92) (0.02) (0.1) (0.04)

Type 2 0.22 0.47 44.32 -0.01 12.1 0.31
(0.11) (0.13) (2.67) (0.06) (0.3) (0.10)

Type 3 0.42 0.56 44.83 0.12 12.7 0.13
(0.15) (0.16) (3.32) (0.10) (0.5) (0.14)

Type 4 0.30 0.49 41.29 0.10 12.3 0.01
(0.16) (0.20) (4.30) (0.09) (0.7) (0.20)

Type 5 0.14 0.51 39.66 -0.09 12.5 1.06
(2.78) (4.42) (63.59) (4.43) (22.8) (9.78)

Type 6 0.81 0.80 49.16 0.42 12.4 -1.12
(18.12) (6.63) (218.95) (6.75) (16.7) (75.31)

All 0.28 0.47 42.56 0.06 12.2 0.26
(0.02) (0.02) (0.48) (0.01) (0.1) (0.02)

Knew aftercare No. Children Has other support Year of last arrest Inc. duration Arrested 20m prior

Type 1 0.30 2.09 0.46 2,015.4 832.9 0.4
(0.04) (0.20) (0.04) (0.4) (123.6) (0.0)

Type 2 0.36 2.12 0.27 2,014.6 1,040.9 0.1
(0.11) (0.64) (0.13) (1.2) (454.1) (0.1)

Type 3 0.40 1.94 0.47 2,016.4 1,119.1 0.5
(0.15) (0.65) (0.17) (1.7) (570.1) (0.2)

Type 4 0.19 1.98 0.45 2,017.9 381.9 0.4
(0.19) (0.85) (0.17) (2.5) (455.8) (0.2)

Type 5 0.45 1.30 0.30 2,011.3 537.4 0.0
(5.31) (119.82) (3.97) (466.8) (34,404.2) (4.8)

Type 6 0.27 3.82 0.86 2,017.5 321.8 1.3
(14.67) (19.83) (13.68) (231.7) (22,194.9) (15.8)

All 0.31 2.06 0.43 2,015.5 744.7 0.3
(0.02) (0.09) (0.02) (0.2) (61.4) (0.0)

Notes: Numbers are estimates, with standard errors in parentheses. Each row gives the estimate for that type. The last row,
All, is the estimate for all participants. Female is a dummy variable for female. Black is a dummy variable for black participant.
Age is in years. Not single is a dummy variable for being in a relationship. Education is in years. Employed is a dummy
variable for being currently employed at the time of recruitment into the study. Knew aftercare is a dummy variable for having
heard of our partner ASP while incarcerated. No. children is number of children. Has other support is a dummy variable for
having access to other support services. Year of last arrest is year. Inc. duration is length of most previous incarceration in
days. Arrested 20m prior is a dummy variable for having been arrested at least once during the 20 months prior to recruitment
into the study.
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Table A.7: Treatment effects on arrest probability at 20 months after en-
rollment - Heterogeneity

Treatment Effect Blacks Non-Blacks

TE for Type 4 -0.848 0.108
(0.028) (0.194)

TE for Type 5 0.323 0.258
(0.096) (0.320)

TE for Type 6 0.323 -0.318
(0.550) (0.634)

TE Type 4 - TE Type 5 -1.172 -0.150
(0.006) (0.592)

TE Type 4 - TE Type 6 -1.172 0.425
(0.184) (0.534)

TE Type 5 - TE Type 6 -0.000 0.576
(0.996) (0.384)

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report for 20 months
after enrollment. Differences in treatment effects across types are listed in the last three rows. Standard
errors in parentheses.

Table A.8: Counterfactuals of types using Maximum Likelihood - Blacks

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.061 0.040 0.061 0.042 0.091 0.051 0.152 0.064 0.156 0.062
Type 2: Med 0.077 0.055 0.077 0.060 0.077 0.059 0.077 0.061 0.136 0.079
Type 3: High 0.111 0.091 0.222 0.146 0.222 0.149 0.222 0.150 0.222 0.151
Type 4: Low 0.372 0.297 0.879 0.230 1.000 0.199 0.947 0.240 1.000 0.204
Type 4: Med 0.012 0.108 0.119 0.150 0.226 0.187 0.230 0.200 0.152 0.185
Type 5: Low 0.000 0.120 0.000 0.025 0.000 0.059 0.000 0.054 0.000 0.030
Type 5: High 0.022 0.077 0.186 0.149 0.279 0.167 0.278 0.163 0.323 0.185
Type 6: Med 0.250 0.395 0.330 0.407 0.293 0.393 0.336 0.401 0.000 0.368
Type 6: High 0.022 0.077 0.186 0.149 0.279 0.167 0.278 0.163 0.323 0.185

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. s.e. are standard errors.

37



Table A.9: Treatment effects of partial compliers using Maximum Likelihood
- Blacks

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 -0.359 0.218 -0.760 0.020 -0.774 0.024 -0.717 0.080 -0.848 0.028
TE for Type 5 0.022 0.986 0.186 0.310 0.279 0.114 0.278 0.120 0.323 0.096
TE for Type 6 -0.229 0.478 -0.144 0.850 -0.014 0.892 -0.057 0.918 0.323 0.550
TE Type 4 - TE Type 5 -0.381 0.250 -0.946 0.004 -1.053 0.012 -0.995 0.028 -1.172 0.006
TE Type 4 - TE Type 6 -0.131 0.906 -0.616 0.416 -0.760 0.298 -0.660 0.368 -1.172 0.184
TE Type 5 - TE Type 6 0.250 0.594 0.330 0.598 0.293 0.648 0.336 0.598 -0.000 0.996

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are listed in the
last three rows.

Table A.10: Counterfactuals of types using Maximum Likelihood - Non Blacks

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.077 0.027 0.130 0.032 0.202 0.039 0.247 0.043 0.294 0.045
Type 2: Med 0.100 0.084 0.197 0.105 0.200 0.116 0.300 0.132 0.300 0.136
Type 3: High 0.143 0.134 0.143 0.134 0.286 0.183 0.286 0.183 0.286 0.181
Type 4: Low 0.000 0.095 0.000 0.062 0.000 0.075 0.000 0.091 0.000 0.083
Type 4: Med 0.120 0.125 0.109 0.137 0.109 0.121 0.103 0.136 0.108 0.126
Type 5: Low 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.065 0.000 0.071
Type 5: High 0.097 0.134 0.161 0.192 0.132 0.168 0.193 0.205 0.258 0.217
Type 6: Med 0.748 0.415 0.000 0.408 0.919 0.402 0.267 0.405 0.576 0.404
Type 6: High 0.097 0.134 0.161 0.192 0.132 0.168 0.193 0.205 0.258 0.217

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. s.e. are standard errors.

Table A.11: Treatment effects of partial compliers using Maximum Likelihood
- Non Blacks

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 0.120 0.464 0.109 0.144 0.109 0.218 0.103 0.292 0.108 0.194
TE for Type 5 0.097 0.524 0.161 0.356 0.132 0.572 0.193 0.440 0.258 0.320
TE for Type 6 -0.651 0.480 0.161 0.920 -0.787 0.354 -0.074 0.750 -0.318 0.634
TE Type 4 - TE Type 5 0.023 0.942 -0.052 0.814 -0.023 0.896 -0.089 0.738 -0.150 0.592
TE Type 4 - TE Type 6 0.771 0.334 -0.052 0.682 0.896 0.288 0.177 0.606 0.425 0.534
TE Type 5 - TE Type 6 0.748 0.384 -0.000 0.690 0.919 0.282 0.267 0.516 0.576 0.384

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are listed in the
last three rows.
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B Field experiment materials

Figure B.1: Card for the Control group

Figure B.2: Card for the Easy Treatment group

Figure B.3: Card for the Hard Treatment group
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Intake survey questions

1. Name (first, last)

2. Date of birth

3. Address and zip code

4. Do you have a cell phone? If yes, what is phone number?

5. Do you have another contact person in case we cannot reach you? (name, phone

number, relationship)

6. Highest level of education

7. Currently employed? Number of hours work per week

8. Marital status

9. Number of children

10. How did you get to our office today? (bus, drive, got a ride, took taxi/uber, walk,

bike, other)

11. How long did it take you and how much did it cost?

12. Is this your first time coming to our office? If not, how long have you been coming to

our office?

13. Did you know about us while you were still in jail? If so, how did you hear of us? what

services did you think we provided?

14. Where were you last arrested (county)? What year?

15. How long was your last incarceration?

16. Was that your first arrest? If not, where was your first arrest (county) and year?

17. How long was your first incarceration?

18. Have you ever been arrested in other states outside of Pennsylvania?

19. Do you participate in other support programs outside of our services? If so, list them.

How satisfied are you with them?
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20. How many people can you think of that would help you out in the following situations?

Name the top three persons (their relationship to you)? If you need cash, a job, life

advice?

21. In a typical day, when do you get up, when do you go to sleep, how many hours do

you spend outside the house?

22. How often do you attend church, chapel or other places of worship?

23. What is the biggest challenge you experienced after being released?

24. What service do you wish we provide to help you overcome the challenge?

25. Do you feel that our office can help you avoid future rearrests? Why or why not?
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C Identification of response types

We describe identification of response type counterfactuals and treatment effects based on

economic rationality. Table C.1 lists all possible response functions given the three treat-

ments (Control, Easy, Hard) and the classification of visits into 3 categories: Low (0-2 visits),

Medium (3-4 visits), and High (5+ visits). The number of possible response types is 27 (33).

This number is reduced to 9 types based on adherence to WARP. Of the remaining 9 re-

sponse types, those listed in red are not used in the analysis since they are not empirically

relevant. The naming of types corresponds to those used in the main body of the paper.

Table C.1: Response types satisfying WARP

Response types Treatment assignment
Visits × treatment Control Easy Hard Violation of WARP
(i) Type 1 {0,1,2} {0,1,2} {0,1,2} X
(ii) {0,1,2} {0,1,2} {3,4} {3, 4} � {0, 1, 2} in H, but {3, 4} ≺ {0, 1, 2} in E
(iii) {0,1,2} {0,1,2} {5,.} {5, .}+ $ � {0, 1, 2} in H, {3, 4}+ $ ≺ {0, 1, 2} in E
(iv) Type 4 {0,1,2} {3,4} {0,1,2} X
(v) {0,1,2} {3,4} {3,4} {3, 4} � {0, 1, 2} in H, but {3, 4} ≺ {0, 1, 2} in C
(vi) Type 7 {0,1,2} {3,4} {5,.} X
(vii) {0,1,2} {5,.} {0,1,2} {5, .}+ $ � {0, 1, 2} in E, but {5, .}+ $ ≺ {0, 1, 2} in H
(viii) {0,1,2} {5,.} {3,4} {5, .}+ $ � {3, 4}+ $ in E, but {5, .}+ $ ≺ {3, 4} in H
(ix) Type 5 {0,1,2} {5,.} {5,.} X
(x) {3,4} {0,1,2} {0,1,2} {3, 4} � {0, 1, 2} in C,but {3, 4}+ $ ≺ {0, 1, 2} in E
(xi) {3,4} {0,1,2} {3,4} {3, 4} � {0, 1, 2} in H, but {3, 4}+ $ ≺ {0, 1, 2} in E
(xii) {3,4} {0,1,2} {5,.} {3, 4} � {0, 1, 2} in C, but {3, 4}+ $ ≺ {0, 1, 2} in E
(xiii) {3,4} {3,4} {0,1,2} {3, 4} � {0, 1, 2} in C, but {3, 4} ≺ {0, 1, 2} in H
(xiv) Type 2 {3,4} {3,4} {3,4} X
(xv) Type 8 {3,4} {3,4} {5,.} X
(xvi) {3,4} {5,.} {0,1,2} {5, .} � {3, 4}+ $ in E, but {5, .} ≺ {3, 4} in H
(xvii) {3,4} {5,.} {3,4} {5, .} � {3, 4}+ $ in E, but {5, .} ≺ {3, 4} in H
(xviii) Type 6 {3,4} {5,.} {5,.} X
(xix) {5,.} {0,1,2} {0,1,2} {0, 1, 2} � {5, .} in C, but {0, 1, 2} ≺ {5, .} in E
(xx) {5,.} {0,1,2} {3,4} {0, 1, 2} � {5, .} in C, but {0, 1, 2} ≺ {5, .} in E
(xxi) {5,.} {0,1,2} {5,.} {0, 1, 2} � {5, .} in C, but {0, 1, 2} ≺ {5, .} in E
(xxii) {5,.} {3,4} {0,1,2} {5, .} � {0, 1, 2} in C, but {5, .}+ $ ≺ {0, 1, 2} in H
(xxiii) {5,.} {3,4} {3,4} {5, .} � {3, 4} in C, but {5, .}+ $ ≺ {3, 4} in H
(xxiv) Type 9 {5,.} {3,4} {5,.} X
(xxv) {5,.} {5,.} {0,1,2} {5, .} � {0, 1, 2} in C, but {5, .}+ $ ≺ {0, 1, 2} in H
(xxvi) {5,.} {5,.} {3,4} {5, .} � {3, 4} in C, but {5, .}+ $ ≺ {3, 4} in H
(xxvii) Type 3 {5,.} {5,.} {5,.} X

Table C.2 lists which types use what number of visits in each treatment and which types

change behavior across treatments. This table is useful to determine which types are empir-

ically relevant and to determine which counterfactuals are identified. Table C.3 provides the

probability of arrest 20 months after enrollment by number of visits and treatment condition.

It also reports the percent of subjects choosing each level of visits by treatment.

We start by showing that Types 7, 8, and 9 are not empirically relevant. The last row of

Table C.2 shows that the only types switching in and out of {5, .} visits between the Easy

and Hard treatments are Types 7, 8 and 9. It follows that the difference in the proportion

of those choosing {5, .} visits between the Easy and Hard treatments provide the percent of
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the subjects that can be characterized as Types 7, 8 and 9. Table C.3 shows that the percent

choosing {5, .} in the Easy and Hard condition is 19%. We conclude that Types 7, 8 and 9

are not empirically relevant in our sample.

Once we eliminate Types 7, 8 and 9, we can use this Table C.3 to determine which

counterfactual probabilities of arrest are point identified. For instance, Type 1 is identified

from the behavior of those with less than 2 visits in the Easy treatment (row 2 in the table).

Type 2 is identified from the behavior of those with 3 or 4 visits in the Hard condition. Type

3 is identified from the behavior of those with 5 or more visits in the Control condition since

Type 9 is nonexistent.

The counterfactual probability of arrest of Type 4 when choosing fewer than 3 visits

is identified from the change in arrests of those choosing 0-2 visits in the Easy and Hard

condition. Similarly, the counterfactual of Type 4 when choosing less than 3 or 4 visits

is identified from the change in arrests of those choosing 3-4 visits in the Easy and Hard

condition. The counterfactual of Type 5 when choosing 0-2 visits is identified from the

comparison of arrests of those choosing 0-2 visits in the Control and Hard condition.

We see also that some counterfactuals are over-identified. For instance, there are three

comparisons where only Types 4 and 6 choose 3-4 visits. So, there are three identifying

conditions for two parameters. Finally, we observe that the counterfactual for 5+ visits for

Types 5 and 6 are not identified. This holds despite the fact that there are two comparisons

and two counterfactuals. The model predicts that the proportion of those with 5+ visits in

Easy and Hard should be the same. We confirm this since this probability is 19% in both

cases. Unfortunately, these comparisons are always identical to the same linear combination

of the counterfactual behavior of Types 5 and 6. That is, we can only identify the joint

behavior of these types for this number of visits.

Our preferred estimation of the counterfactual probability of arrest for the six types

is maximum likelihood. There are three reasons for this. First, it allows us to estimate

counterfactuals that are over-identified more efficiently. Second, it allows us to impose

identifying assumptions on the parameters that are under-identified. Third, it allows us to

impose logical constraint on the value of counterfactuals, i.e. probabilities are between zero

and one. Appendix D presents estimates using a non-parametric and bounds approach. We

show that the qualitative results of the paper are the same using this alternative method,

albeit less precisely estimated.
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Table C.2: Identification of counterfactuals

Visits Treatment/Comparison Types
{0,1,2} Control 1, 4, 5, 7
{0,1,2} Easy 1
{0,1,2} Hard 1, 4
{0,1,2} Control v. Easy 4, 5, 7
{0,1,2} Control v. Hard 5, 7
{0,1,2} Easy v. Hard 4
{3,4} Control 2, 6, 8
{3,4} Easy 2, 4, 7, 8, 9
{3,4} Hard 2
{3,4} Control v. Easy 4, 6, 7, 9
{3,4} Control v. Hard 6, 8
{3,4} Easy v. Hard 4, 7, 8, 9
{5,.} Control 3, 9
{5,.} Easy 3, 5, 6
{5,.} Hard 3, 5, 6, 7, 8, 9
{5,.} Control v. Easy 5, 6, 9
{5,.} Control v. Hard 5, 6, 7, 8
{5,.} Easy v. Hard 7, 8, 9

Note: The numbers in blue and red are the types who switch behav-
ior between treatments. The number in red are types who switch
behavior but are not empirically relevant.

Table C.3: Probability of arrest by treatment and visits

Visits Control Hard Easy

{0,1,2} 0.21 0.30 0.26
s.e. 0.03 0.04 0.05
Percent 0.75 0.67 0.51
{3,4} 0.22 0.22 0.16
s.e. 0.07 0.09 0.05
Percent 0.17 0.14 0.30
{5,.} 0.25 0.20 0.35
s.e. 0.11 0.07 0.09
Percent 0.08 0.19 0.19

Notes: The table reports the probability of arrest by number of visits (i.e. 0-2, 3-4 and 5+ visits). Averages
are reported for each number of visits by treatment. s.e. are standard errors. Percent is the proportion of
participants in that treatment who completed that number of visits. Numbers in the Percent row for each
column add up to one.
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D Estimation of response types using Pinto (2021) ap-

proach

We provide alternative estimates of treatment effects using the approach proposed by Pinto

(2021) to estimate counterfactuals, for non-complier types, and treatment effects, for com-

plier types. These estimates can be obtained by either OLS regressions or IV regressions.

All the treatment effect estimates control for gender, race, employment status, knowledge of

the aftercare service provider while previously incarcerated, marital status and month and

year of recruitment in the study.

Figure D.1 presents estimates of the counterfactuals for non-complier types at four-month

intervals. The full set of counterfactual and treatment effects without adjusting for covariates

are presented in Table D.1. As expected, we observe an increase in the probability of arrest

as time passes. Figure D.2 presents estimates of the treatment effect on arrests for Type 4

(left panel) and Types 5 and 6 combined (right panel). The treatment effect for Type 4 is

the effect of moving from 0-2 to 3-4 visits on the probability of arrest, and the treatment

effect for Types 5 and 6 is the effect of moving to 5+ visits on the probability of arrest. Both

estimates are causal, but only Type 4 provides a clear interpretation as the causal effect of

3-4 visits with respect to 0-2 visits.

For Type 4, the treatment reduces the probability of arrest in the 20 months following

enrollment. Similar to the maximum likelihood estimates, the estimates are imprecise. For

Types 5 and 6, the treatment increases the probability of arrest. These estimates are also

imprecise, reflecting the smaller sample in this group. Figure D.3 shows estimates of Lee

(2009) bounds on treatment effects for Type 5. We conduct this exercise by assuming that

the outcomes of Type 6 would have been no arrests or the outcomes of Type 6 would have

been an arrest. Given that there are three times more Type 5 than Type 6, the estimated

treatment effects are similar. We find that the increase in arrests 8 months after enrollment

is significant under either assumption. We note that this negative effects disappears over

time.

We next explore heterogeneous treatment effects using Pinto (2021)’s approach. Figure

D.4 show the treatment effects for Types 4 and Type 5/6 for Blacks participants and Non-

Black participants. Tables D.2 and D.3 present the full set of counterfactuals and treatment

effects, not adjusting for covariates, for Black and Non-Black participants. We reproduce

the results we obtained using maximum likelihood estimation. There is a reduction in the

likelihood of arrest 20 months after recruitment for Black participants. However, the esti-

mates for Type 5/6 are less precisely estimated than those using maximum likelihood. The

approach allows us to evaluate if the treatment effect for Type 4 among Black participants is
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Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. Error bars are standard errors.

Figure D.1: Non-Complier Types - Counterfactuals
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Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Error bars are standard errors.

Figure D.2: Complier Types - Treatment effects

robust to multiple hypothesis testing corrections. The multiple hypothesis testing corrected

p-value associated with the hypothesis of a reduction in the probability of arrest for Type

4 Black participants is 0.0589 (original 0.0397).42 This suggests that the estimated effect is

robust.

42We test for heterogeneous treatment effects using an interaction term of 3-4 visits or 5+ visits and race
instrumented by the interaction of treatment assignment and race. We use Stata rwolf2 to calculate the
p-values according to Romano and Wolf (2005) procedure.
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Notes: These are the lower bound (worst treatment effect) and upper bound (best treatment effect)
for Type 5 on probability of arrest. We estimate these treatment effects by running an instrumental
variable regression on a dummy for 5+ visits on Control and Hard treatments and excluding 3-4
visits. The lower bound is obtained by replacing the best outcomes (no arrest or criminal offense)
for the 5+ visits in Hard for about a quarter of cases. The upper bound is obtained by replacing the
worst outcomes (an arrest or criminal offense) for the 5+ visits in Hard for about a quarter of cases.
About a quarter of those with 5+ in Hard are Type 6 so we obtain bounds on TE by removing that
proportion of outcomes.

Figure D.3: Lee Bounds for Type 5

Table D.1: Counterfactuals and treatment effects using instrumental vari-
ables regressions

Counterfactuals/TE 4 months p-val 8 months p-val 12 months p-val 16 months p-val 20 months p-val

Type 1: Low 0.119 0.000 0.136 0.000 0.169 0.000 0.186 0.000 0.220 0.000
Type 2: Med 0.125 0.000 0.188 0.000 0.250 0.000 0.250 0.000 0.250 0.000
Type 3: High 0.071 0.000 0.119 0.000 0.179 0.000 0.226 0.000 0.262 0.000
Type 4: Low 0.325 0.046 0.569 0.004 0.494 0.046 0.418 0.098 0.421 0.134
Type 4: Med 0.077 0.394 0.115 0.294 0.154 0.184 0.153 0.208 0.113 0.384
Type 6: Low -0.610 0.160 -1.089 0.124 -0.720 0.220 -0.514 0.394 -0.507 0.398
Type 6: High 0.052 0.522 0.175 0.122 0.215 0.096 0.243 0.080 0.299 0.030
Type 7: Med 0.386 0.554 0.179 0.678 0.499 0.518 0.292 0.622 0.245 0.618
Type 7: High 0.052 0.522 0.175 0.122 0.215 0.096 0.243 0.080 0.299 0.030
TE for Type 4 0.249 0.198 0.454 0.062 0.339 0.210 0.264 0.354 0.308 0.328
TE for Type 6 -0.662 0.156 -1.265 0.120 -0.935 0.166 -0.757 0.208 -0.806 0.216
TE for Type 7 0.334 0.680 0.004 0.950 0.284 0.890 0.049 0.966 -0.053 0.892

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. TE are treatment effects for increasing visits for each partial complier type. p-val are p-values.
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Note: The counterfactual for 5+ for type that switches from less than 3 to 5 or more visits includes
the response of the type that switches from 3 or 4 visits to 5 or more visits. The proportion of the
first type is 8.1 percent and the proportion of the second type in the population is 3 percent.

Figure D.4: Complier Types - Treatment effects by race

Table D.2: Counterfactuals and treatment effects using instrumental vari-
able regressions - Blacks

Counterfactuals/TE 4 months p-val 8 months p-val 12 months p-val 16 months p-val 20 months p-val

Type 1: Low 0.094 0.000 0.094 0.000 0.094 0.000 0.094 0.000 0.125 0.000
Type 2: Med 0.111 0.000 0.222 0.000 0.222 0.000 0.222 0.000 0.222 0.000
Type 3: High 0.061 0.000 0.061 0.000 0.091 0.000 0.152 0.000 0.152 0.000
Type 4: Low 0.376 0.130 0.923 0.048 0.993 0.048 0.978 0.046 1.135 0.046
Type 4: Med 0.010 0.810 0.119 0.442 0.228 0.260 0.228 0.260 0.129 0.542
Type 6: Low -0.181 0.820 -0.701 0.416 -0.526 0.568 -0.691 0.488 -0.855 0.398
Type 6: High 0.021 0.790 0.185 0.250 0.280 0.100 0.280 0.100 0.328 0.064
Type 7: Med 0.254 0.676 0.254 0.676 0.254 0.676 0.254 0.676 -0.150 0.900
Type 7: High 0.021 0.790 0.185 0.250 0.280 0.100 0.280 0.100 0.328 0.064
TE for Type 4 0.366 0.238 0.804 0.074 0.765 0.114 0.750 0.126 1.006 0.086
TE for Type 6 -0.202 0.796 -0.886 0.312 -0.806 0.362 -0.971 0.318 -1.183 0.264
TE for Type 7 0.233 0.760 0.069 0.874 -0.026 0.716 -0.026 0.716 -0.478 0.590

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. TE are treatment effects for increasing visits for each partial complier type. p-val are p-values.
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Table D.3: Counterfactuals and treatment effects using instrumental vari-
able regressions - Non-Blacks

Counterfactuals/TE 4 months p-val 8 months p-val 12 months p-val 16 months p-val 20 months p-val

Type 1: Low 0.148 0.000 0.185 0.000 0.259 0.000 0.296 0.000 0.333 0.000
Type 2: Med 0.143 0.000 0.143 0.000 0.286 0.000 0.286 0.000 0.286 0.000
Type 3: High 0.078 0.000 0.157 0.000 0.235 0.000 0.275 0.000 0.333 0.000
Type 4: Low 0.266 0.260 0.226 0.426 0.033 0.910 -0.101 0.766 -0.227 0.534
Type 4: Med 0.112 0.368 0.104 0.534 0.104 0.534 0.096 0.616 0.096 0.616
Type 6: Low -1.176 0.304 -1.601 0.302 -0.959 0.442 -0.268 0.920 -0.041 0.910
Type 6: High 0.095 0.476 0.162 0.334 0.124 0.528 0.190 0.376 0.257 0.270
Type 7: Med 0.480 0.570 0.083 0.700 0.668 0.556 0.271 0.616 0.563 0.536
Type 7: High 0.095 0.476 0.162 0.334 0.124 0.528 0.190 0.376 0.257 0.270
TE for Type 4 0.154 0.584 0.122 0.714 -0.071 0.836 -0.197 0.606 -0.322 0.404
TE for Type 6 -1.271 0.304 -1.763 0.306 -1.083 0.420 -0.458 0.722 -0.298 0.842
TE for Type 7 0.385 0.738 -0.079 0.986 0.544 0.700 0.080 0.874 0.306 0.814

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. TE are treatment effects for increasing visits for each partial complier type. p-val are p-values.
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E Criminal offenses

We investigate if the patterns presented in the main results reproduce using an alternative

measure of recidivism: criminal offenses. Criminal offenses include all interactions with law

enforcement that are serious enough to grant the intervention of the police and are recorded

in the Unified Judicial System (UJS) of Pennsylvania data. All arrests imply a criminal

offense, but not all offenses lead to an arrest. For instance, traffic violations and disorderly

conduct do not always lead to an arrest. The number of criminal offenses a participant has

is highly correlated with the number of arrests the participant has in the 20 months after

recruitment (Pearson correlation coefficient = 0.8127). While the policy relevant variable is

arrests, we consider that looking at a potential surrogate of future arrests is important.

To assess the predictive power of criminal offenses on future arrests, we estimate the linear

probability model of having been arrested at least once in the 20 months after recruitment

on a dummy variable that equals one if a participant had at least one criminal offense in

the 10 month period after recruitment. To avoid mechanical correlation between these two

variables, we restrict the sample to those who did not have an arrest in the 10 month period

after recruitment (N = 444). We find that having a criminal offense in the 10 month period

after recruitment increases the probability of having been arrested at least once in the 20

month period after recruitment (i.e., between 11 and 20 months after recruitment) by 13

percentage points (p-value = 0.002). In particular, among those without an arrest in the

10 months after recruitment, those with a criminal offense are arrested with 21 percent

probability in the next 10 months, and those without a criminal offense are arrested with

8 percent probability in the next 10 months. This demonstrates that criminal offenses are

good predictors of future arrests.

Figure E.2 reproduces the counterfactual probability of arrest and treatment effects for

the six latent response types (Figure 6) for criminal offenses. We observe the same patterns

for criminal offenses on counterfactuals and treatment effects as with arrests. Importantly,

we find that the intervention significantly reduced the probability of criminal offenses at

20 months after recruitment for Type 4 by 52.8 percentage points (p-value=0.062), and

significantly increased criminal offenses for Type 5 by 36.3 percentage points (p-value=0.072).

These results are shown in Tables E.1 and E.2. Table E.2 shows that we can reject the

hypothesis that the treatment effect for Type 4 and Type 5 are the same (p-value = 0.014).

We conclude that if criminal offenses are good predictors of future arrests, the intervention

might have effects that are too early to be detected.
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Notes: The figure shows the average probability of having a recorded criminal offense from the date of

enrollment into the study up to 20 months later. The figure illustrates the probability at each month

following enrollment and for each of the three treatment groups. Error bars denote standard errors.

Figure E.1: Treatment effects on criminal offenses
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Notes: The left panel shows the counterfactual probability of a criminal offense at 20 months after
enrollment into the study for each type by number of visits. The right panel shows the treatment
effects of changing visits for Types 4-6. For instance, for Type 4, this shows the treatment effect
of moving from 0-2 visits to 3-4 visits on the probability of a criminal offense at 20 months after
enrollment. Error bars denote standard errors.

Figure E.2: Counterfactuals and treatment effects on criminal offense rates
at 20 months after enrollment

Using criminal offense, we can also confirm that the intervention had an impact among

Black participants, but not among Non-Black participants. Tables E.3, E.4, E.5, E.6 present
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Table E.1: Counterfactuals by type using Maximum Likelihood

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.119 0.034 0.214 0.046 0.310 0.051 0.369 0.052 0.429 0.054
Type 2: Med 0.087 0.054 0.174 0.070 0.304 0.085 0.417 0.094 0.464 0.089
Type 3: High 0.250 0.097 0.313 0.117 0.438 0.127 0.438 0.128 0.438 0.129
Type 4: Low 0.234 0.175 0.400 0.228 0.431 0.241 0.498 0.250 0.582 0.236
Type 4: Med 0.163 0.122 0.159 0.127 0.151 0.138 0.090 0.124 0.054 0.109
Type 5: Low 0.000 0.022 0.000 0.000 0.000 0.006 0.000 0.032 0.000 0.052
Type 5: High 0.053 0.075 0.151 0.111 0.177 0.126 0.256 0.137 0.363 0.149
Type 6: Med 0.686 0.387 0.684 0.411 0.315 0.411 0.000 0.338 0.000 0.328
Type 6: High 0.053 0.075 0.151 0.111 0.177 0.126 0.256 0.137 0.363 0.149

Notes: Counterfactual probability of a criminal offense is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20 months after
enrollment. s.e. are standard errors.

Table E.2: Treatment effects for partial compliers using Maximum Likelihood

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 -0.070 0.682 -0.241 0.440 -0.280 0.370 -0.408 0.204 -0.528 0.062
TE for Type 5 0.053 0.636 0.151 0.330 0.177 0.362 0.256 0.216 0.363 0.072
TE for Type 6 -0.632 0.236 -0.533 0.518 -0.138 0.692 0.256 0.780 0.363 0.554
TE Type 4 - TE Type 5 -0.123 0.456 -0.391 0.186 -0.457 0.162 -0.664 0.044 -0.892 0.014
TE Type 4 - TE Type 6 0.562 0.428 0.292 0.826 -0.142 0.956 -0.664 0.436 -0.892 0.192
TE Type 5 - TE Type 6 0.686 0.188 0.684 0.296 0.315 0.502 -0.000 0.914 -0.000 0.918

Notes: Treatment effects of increasing the number of visits on the probability of a criminal offense is report at 4 months after
enrollment, 8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are
listed in the last three rows.
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Table E.3: Counterfactuals of types using Maximum Likelihood - Blacks

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.091 0.049 0.121 0.058 0.273 0.076 0.300 0.074 0.366 0.078
Type 2: Med 0.077 0.061 0.080 0.074 0.231 0.106 0.306 0.106 0.374 0.114
Type 3: High 0.218 0.131 0.333 0.169 0.444 0.177 0.444 0.171 0.444 0.172
Type 4: Low 0.507 0.304 1.000 0.211 0.871 0.275 1.000 0.245 1.000 0.222
Type 4: Med 0.117 0.181 0.223 0.197 0.140 0.193 0.043 0.167 0.000 0.139
Type 5: Low 0.000 0.164 0.000 0.043 0.000 0.067 0.000 0.090 0.000 0.099
Type 5: High 0.000 0.068 0.121 0.131 0.232 0.172 0.232 0.166 0.325 0.191
Type 6: Med 0.234 0.378 1.000 0.369 0.468 0.415 0.000 0.390 0.006 0.384
Type 6: High 0.000 0.068 0.121 0.131 0.232 0.172 0.232 0.166 0.325 0.191

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. s.e. are standard errors.

Table E.4: Treatment effects of partial compliers using Maximum Likelihood
- Blacks

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 -0.390 0.226 -0.777 0.044 -0.732 0.118 -0.957 0.054 -1.000 0.024
TE for Type 5 -0.000 0.882 0.121 0.590 0.232 0.372 0.232 0.410 0.325 0.300
TE for Type 6 -0.234 0.512 -0.879 0.258 -0.236 0.662 0.231 0.916 0.319 0.948
TE Type 4 - TE Type 5 -0.390 0.302 -0.898 0.028 -0.964 0.078 -1.189 0.030 -1.325 0.018
TE Type 4 - TE Type 6 -0.156 0.788 0.102 0.896 -0.495 0.612 -1.189 0.308 -1.318 0.176
TE Type 5 - TE Type 6 0.234 0.690 1.000 0.140 0.468 0.452 0.000 0.730 0.006 0.650

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are listed in the
last three rows.

the counterfactual and treatment effects for Black participants and Non-Black participants

using criminal offenses as the outcome variable. Maximum likelihood estimates show a

decrease in criminal offense for Type 4 that is detectable 16 months after recruitment. Other

treatment effects are estimated less precisely.

Our estimates using criminal offenses as a surrogate variable for future arrests confirm

the main results in the paper.
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Table E.5: Counterfactuals of types using Maximum Likelihood - Non Blacks

Counterfactuals 4 months s.e. 8 months s.e. 12 months s.e. 16 months s.e. 20 months s.e.

Type 1: Low 0.141 0.035 0.270 0.049 0.333 0.057 0.412 0.061 0.471 0.068
Type 2: Med 0.103 0.097 0.285 0.130 0.400 0.141 0.569 0.153 0.580 0.156
Type 3: High 0.286 0.180 0.286 0.191 0.429 0.202 0.429 0.213 0.429 0.208
Type 4: Low 0.000 0.133 0.000 0.144 0.099 0.202 0.176 0.227 0.278 0.253
Type 4: Med 0.184 0.146 0.107 0.149 0.144 0.172 0.106 0.150 0.106 0.144
Type 5: Low 0.000 0.000 0.000 0.028 0.000 0.011 0.000 0.088 0.000 0.108
Type 5: High 0.131 0.157 0.195 0.196 0.100 0.154 0.290 0.233 0.419 0.257
Type 6: Med 1.000 0.384 0.000 0.400 0.002 0.411 0.000 0.330 0.000 0.313
Type 6: High 0.131 0.157 0.195 0.196 0.100 0.154 0.290 0.233 0.419 0.257

Notes: Counterfactual probability of arrest is report at 4 months after enrollment, 8 months after enrollment, ..., up to 20
months after enrollment. s.e. are standard errors.

Table E.6: Treatment effects of partial compliers using Maximum Likelihood
- Non Blacks

Treatment Effect 4 months p-value 8 months p-value 12 months p-value 16 months p-value 20 months p-value

TE for Type 4 0.184 0.422 0.107 0.426 0.045 0.708 -0.069 0.956 -0.171 0.724
TE for Type 5 0.131 0.446 0.195 0.460 0.100 0.824 0.290 0.398 0.419 0.210
TE for Type 6 -0.869 0.314 0.195 0.912 0.098 0.636 0.290 0.798 0.419 0.508
TE Type 4 - TE Type 5 0.053 0.824 -0.088 0.684 -0.055 0.870 -0.360 0.390 -0.590 0.174
TE Type 4 - TE Type 6 1.053 0.260 -0.088 0.818 -0.053 0.628 -0.360 0.730 -0.590 0.444
TE Type 5 - TE Type 6 1.000 0.200 -0.000 0.764 0.002 0.670 -0.000 0.942 -0.000 0.986

Notes: Treatment effects of increasing the number of visits on the probability of arrest is report at 4 months after enrollment,
8 months after enrollment, ..., up to 20 months after enrollment. Differences in treatment effects across types are listed in the
last three rows.
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