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Noncarceral conviction is a common outcome of criminal court cases: for 

every person incarcerated, there are approximately three who were recently con- 
victed but not sentenced to prison or jail. We extend the binary-treatment judge 
IV framework to settings with multiple treatments and use it to study the con- 
sequences of noncarceral conviction. We outline assumptions under which widely 
used 2SLS regressions recover margin-specific treatment effects, relate these as- 
sumptions to models of judge decision-making, and derive an expression that pro- 
vides intuition about the direction and magnitude of asymptotic bias when a key 
assumption on judge decision-making is not met. We find that noncarceral convic- 
tion (relative to dismissal) leads to a large and long-lasting increase in recidivism 
for felony defendants in Virginia. In contrast, incarceration (relative to noncar- 
ceral conviction) leads to a short-run reduction in recidivism, consistent with in- 
capacitation. Our empirical results suggest that noncarceral felony conviction is 
an important and overlooked driver of recidivism. JEL codes: J01, K4. 
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I. INTRODUCTION 
The U.S. criminal justice system is commonly referred to as 

a “revolving door” due to the high rate of recidivism among those 
who come into contact with it. 1 A key question for policy mak- 
ers is whether the criminal justice system itself contributes to 
these patterns or whether they are driven by external factors such 
as addiction, mental health, neighborhood disadvantage, or lim- 
ited labor market opportunities. Much of the available quantita- 
tive research has focused on how incarceration affects recidivism. 
However, noncarceral conviction (a conviction that does not result 
in incarceration) is a frequent outcome in the criminal court sys- 
tem. 2 For instance, in 2010, 2.7 individuals were on probation for 
every person who was incarcerated ( Phelps 2013 ). A noncarceral 
conviction could directly affect recidivism through several chan- 
nels. It may induce crime by reducing its opportunity cost. For 
example, a conviction record could make it harder to find employ- 
ment, making crime relatively more attractive. A conviction could 
also increase future criminal justice contact even if it has no ef- 
fect on criminal behavior. For example, prosecutors may be more 
likely to pursue charges against someone with a recent convic- 
tion on their record, and judges may sentence them more harshly. 
Conversely, a conviction could act as a deterrent if it increases the 
expected penalties for future crime. 

In this article, we provide new evidence on how felony non- 
carceral conviction and incarceration affect future criminal jus- 
tice involvement. Our main approach follows existing research 
by using quasi-random assignment of cases to judges as a source 
of exogenous variation, but our discussion formalizes an exten- 
sion of this research design from the binary-treatment case to 
the multiple-treatment case. Our goal is to learn about margin- 
specific treatment effects: causal effects of noncarceral conviction 
relative to dismissal of all charges, and causal effects of incarcer- 
ation relative to noncarceral conviction. These quantities allow us 
to isolate the role of mechanisms that come into play when some- 
one is convicted without a carceral sentence (such as the mark of 
a criminal record) from the role of mechanisms that matter for 
incarceration (such as incapacitation). 

1. According to the Bureau of Justice Statistics, 44% of people released from 
prison in the United States in 2005 were rearrested within one year. Nine years 
later, 83% had been rearrested at least once ( Alper, Durose, and Markman 2018 ). 

2. We will at times refer to “noncarceral conviction” as “conviction” for brevity. 
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CONVICTION, INCARCERATION, AND RECIDIVISM 2909

We study a newly constructed panel of felony cases in Vir- 
ginia, spanning approximately two decades. Our outcomes are 
new felony charges, new convictions, and new carceral sentences. 
Following the literature, we refer to these outcomes as “recidi- 
vism.” Our results point to noncarceral conviction as an impor- 
tant, long-lasting driver of recidivism, consistent with a crimino- 
genic effect of a felony conviction record. In contrast, we find that 
incarceration leads to only a short-term decline in recidivism, con- 
sistent with incapacitation. 

Our discussion proceeds in three parts. First, we develop 
an empirical framework for interpreting judge-stringency 2SLS 
estimands in a multiple-treatment setting with full treatment- 
effect heterogeneity. Prior applied work using 2SLS with multiple 
treatments has often relied on instruments that are reasonably 
thought of as varying the net payoff to taking up a “focal” treat- 
ment (for example, Kline and Walters 2016 ; Kirkeboen, Leuven, 
and Mogstad 2016 ; Mountjoy 2022 ). For such instruments, it may 
be justifiable to assume that they are treatment specific, that 
is, they either encourage or discourage take-up of the focal treat- 
ment and do not cause any switches between other “non-focal”
treatments. This property, combined with the usual instrumen- 
tal variables (IV) assumptions, ensures that the estimand from 
a standard 2SLS regression identifies a causal effect of the focal 
treatment, relative to a mixture of alternatives. 3 However, judge- 
stringency instruments vary the shares of cases that are allocated 
to particular court outcomes. Therefore, they cannot generally be 
thought of as varying the net payoff to taking up a particular focal 
treatment, as in the examples cited already. 

We argue that this property of judge-stringency instruments 
implies that insights from prior work do not directly carry over. 
On the one hand, we show that treatment specificity is suf- 
ficient for 2SLS with judge-stringency instruments to identify 
margin-specific causal effects, unlike in the previously cited ap- 
plications. On the other hand, requiring stringency instruments 
to be treatment specific could be considered a strong restriction 
on judge behavior, while it was considered reasonable for other 
types of instruments. We provide intuition for the restrictive- 
ness of this assumption by examining how it constrains mod- 
els of judge decision-making. We consider three commonly used 

3. Here we follow the literature in referring to an estimand as “causal” if it is 
a nonnegatively weighted average of local average treatment effects (LATEs). 
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discrete-choice models, applied to judge decision-making over 
three court outcomes: dismissal, noncarceral conviction, and in- 
carceration. Specifically, we consider ordered, sequential, and 
multinomial choice models. The judge-stringency instruments are 
treatment specific only in the ordered model. For the sequential 
and unordered models, which are more realistic in our setting, 
at least one of the instruments is not treatment specific. How- 
ever, all three choice models satisfy a weaker assumption that we 
label conditional pairwise monotonicity (CPM). This assumption, 
related to the “no defiers” assumption from the binary case, states 
that an instrument induces flows in only one direction across each 
margin. 

We derive an expression for the asymptotic bias in the 2SLS 
estimand under CPM. The bias term is additive and easy to in- 
terpret. It provides intuition about the direction and magnitude of 
asymptotic bias when CPM holds, but treatment specificity does 
not. Moreover, it clarifies how restrictions on treatment-effect het- 
erogeneity, or on the relative effects for compliers on different 
margins, can sign or eliminate the asymptotic bias without adopt- 
ing a more restrictive model of judge behavior. Such restrictions 
may be motivated by specific institutional details, theory, or prior 
research. 

In the second part of the article, we turn to our main em- 
pirical contributions: estimating the impacts of noncarceral con- 
viction and incarceration on future criminal justice involvement. 
We use 2SLS with the conviction propensity of judges as an in- 
strument for conviction, while controlling for their incarceration 
propensity. 4 Analogously, we use judges’ incarceration propensity 
as an instrument for incarceration and control for their dismissal 
propensity. Under the assumptions described in the first part of 
our discussion, our estimates imply that noncarceral conviction 
relative to dismissal leads to large and long-lasting increases in 
future criminal justice involvement, while incarceration relative 
to noncarceral conviction decreases recidivism in the first year, 
consistent with incapacitation. 5 

4. This approach mirrors a common strategy used to study the impact of in- 
carceration on recidivism. See Loeffler and Nagin (2022) and Doleac (2023) for 
recent reviews of this literature. 

5. We also examine the effects of incarceration using a regression- 
discontinuity design based on sentencing guidelines, yielding conclusions that are 
consistent with our main findings. 
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Our finding that noncarceral conviction increases recidivism 
(relative to dismissal) is consistent with both increased crimi- 
nal behavior and an escalation in subsequent criminal justice re- 
sponses. We examine how effects differ by prior records, types of 
offenses, and measures of recidivism but do not find evidence that 
supports one mechanism over the other. Both channels imply that 
a felony conviction can lead people to cycle back into the criminal 
justice system, leading to increased charges, convictions, and fu- 
ture incarceration. 

To probe whether it is reasonable to interpret our 2SLS esti- 
mates as causal and margin-specific effects, we propose a test that 
evaluates whether the instruments are treatment specific. Since 
each model has different implications for treatment specificity of 
the instruments, the test also lets us adjudicate between differ- 
ent models of judge decision-making. Our findings suggest that 
neither instrument is treatment specific. We can therefore empir- 
ically reject the ordered and sequential models of judge decision- 
making. Thus, our 2SLS estimates could be biased. However, the 
magnitude of the bias can vary by context. We use our expression 
for the asymptotic bias, along with theory and empirical evidence, 
to argue that, in our setting, the bias is unlikely to overturn our 
qualitative conclusion regarding the impact of noncarceral con- 
viction. 

To assuage remaining concerns about bias in the 2SLS esti- 
mates, we provide an alternative approach for identifying and es- 
timating margin-specific treatment effects under the unordered- 
choice model, which is not rejected by our test. We develop 
a novel approach that builds on Mountjoy (2022) . This ap- 
proach requires treatment-specific instruments, which we have 
argued judge stringencies generally are not. Following meth- 
ods from the discrete-choice literature, we impose additional 
structure on the judge’s choice problem to construct treatment- 
specific instruments from judge stringencies. We use these newly 
constructed instruments to obtain estimates of margin-specific 
treatment effects. The results are similar to our 2SLS esti- 
mates, although smaller and less precise in the first year after 
sentencing. 

This research contributes to both applied and methodological 
literatures. First, our work is related to a small set of recent stud- 
ies that explore the impact of criminal convictions. Mueller-Smith 
and Schnepel (2021) and Augustine et al. (2022) show that felony 
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diversion causes large and sustained reductions in future crim- 
inal justice contact. Felony diversion helps avoid conviction, but 
can also affect recidivism through other channels. For instance, 
there may be enhanced deterrence, since rearrest leads to rein- 
stated charges. In the context of misdemeanors, Agan, Doleac, 
and Harvey (2023) show that the decision to file charges increases 
future contact with the criminal justice system. However, only 
26% of those charged receive a misdemeanor conviction, and the 
authors argue that the mark of a conviction is not the main 
channel explaining this effect. In related work, Kamat, Norris, 
and Pecenco (2024) adopt a partial-identification approach and 
find that misdemeanor conviction increases the number of future 
charges, but their empirical results cannot rule out large effects 
of felony conviction in either direction. In addition, there is a 
socio-legal literature providing theoretical arguments, as well as 
qualitative and descriptive evidence about the adverse effects of 
felony and misdemeanor convictions (for example, Chiricos et al. 
2007 ; Natapoff 2012 ; Phelps 2017 ; Irankunda et al. 2020 ). We con- 
tribute to the literature by disentangling conviction from other 
aspects of the criminal justice process and assessing the rela- 
tive importance of felony conviction and incarceration in driv- 
ing future criminal justice involvement in the same empirical 
setting. 

This article also contributes to the large body of work in- 
vestigating the consequences of incarceration for recidivism. A 
recent review shows that post-conviction incarceration generally 
is not found to have long-term effects on recidivism, while pre- 
trial detention increases recidivism after the incapacitation pe- 
riod ( Loeffler and Nagin 2022 ). Our study suggests one way to 
reconcile these findings: since pretrial detention increases the 
likelihood of conviction ( Gupta, Hansman, and Frenchman 2016 ; 
Leslie and Pope 2017 ; Dobbie, Goldin, and Yang 2018 ; Stevenson 
2018 ), adverse effects of pretrial detention may be operating 
through conviction rather than the experience of incarceration 
itself. Studies that estimate effects of post-conviction incarcer- 
ation, meanwhile, often compare incarceration to noncarceral 
conviction, with both the treatment and control groups being 
convicted. 

We build on a methodological literature about the identi- 
fication and estimation of treatment effects in the presence of 
multiple treatment alternatives. The prior and contemporaneous 
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literature has outlined many of the challenges associated with 
multiple treatments (see, for example, Heckman and Pinto 2018 ; 
Heinesen et al. 2022 ; Bhuller and Sigstad 2024 ; Kamat, Norris, 
and Pecenco 2024 ). Not all of the insights developed in the prior 
literature apply to the judge IV setting, given the special nature 
of judge-stringency instruments as shares of cases that are allo- 
cated to particular court outcomes. Identification issues specific 
to judge IV in a multiple-treatment setting have received sus- 
tained consideration in two prior papers studying the impacts of 
incarceration. Mueller-Smith (2015) provides one of the first in- 
depth discussions of the challenges inherent in this design and 
proposes controlling for judge stringency along non-focal dimen- 
sions (such as fine amount or probation length). Arteaga (2023) 
discusses multiple-treatment identification issues and shows how 
to identify causal effects along the incarceration versus noncar- 
ceral conviction margin in a sequential model, which is a special 
case of our framework. 

Our article contributes to the methodological literature in 
several ways. First, we lay out identifying assumptions sufficient 
for 2SLS judge IV to yield a causal and margin-specific estimand 
when there are multiple treatments. In contemporaneous work, 
Bhuller and Sigstad (2024) present an alternative set of identify- 
ing conditions for 2SLS with multiple treatments. Their regres- 
sion model differs from ours, as it instruments for all treatments 
simultaneously and thus relies on stronger functional-form as- 
sumptions than our approach (see Section III.B ). The monotonic- 
ity conditions they propose are weaker than ours, but ours have 
straightforward and tractable relationships with economic mod- 
els of judge behavior. One of our contributions is to show how our 
econometric assumptions relate to three commonly used discrete- 
choice models, which helps illuminate the econometric implica- 
tions associated with different ways of modeling the court system. 
We derive an expression for asymptotic bias under a weaker set 
of monotonicity assumptions that all of the choice models we con- 
sider satisfy. We suggest an empirical test for instrument treat- 
ment specificity, and we demonstrate how to reason about the 
sign and magnitude of the bias term if the assumption is re- 
jected. Finally, we show how to construct treatment-specific in- 
struments from judge-stringency instruments under an alterna- 
tive set of assumptions, thus allowing the researcher to apply 
the identification approach presented in Mountjoy (2022) or other 
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approaches that require such instruments (for example, Lee and 
Salanié 2018 ). 

Last, our article is related to a broad body of applied work 
that uses judge instruments. We offer a practical guide for 
research designs using such instruments when judges choose 
between more than two options. 6 Researchers can use their insti- 
tutional knowledge to reason about which choice model fits best 
and apply the tests that we suggest to see if the data is consistent 
with their model. This study suggests that if both institutional 
expertise and the tests support an ordered model, 2SLS is a good 
choice. If either institutional knowledge or the empirical test re- 
ject the ordered model, then 2SLS estimands may have an addi- 
tional bias term. In that case, theory and empirical results from 
prior literature can help the researcher reason about the sign and 
magnitude of the bias, as we demonstrate in our setting. Our al- 
ternative approach to identification can be used if institutional 
knowledge and empirical tests support an unordered model, and 
if the additional assumptions for constructing treatment-specific 
instruments are met. It can also be used as a robustness check to 
IV specifications. 

The article proceeds as follows. Section II describes the in- 
stitutional setting and our data. Section III extends the random- 
judge design to multiple treatments and presents a set of suffi- 
cient conditions for 2SLS to recover causal and margin-specific 
treatment effects. We show how the treatment-specific instru- 
ments assumption rules out some commonly used models of dis- 
crete choice, and then derive an expression for the asymptotic 
bias if this assumption fails. Section IV presents our empirical 
results based on 2SLS estimates and introduces an empirical test 
for treatment-specific instruments. Section V describes an alter- 
native approach to identification and estimation, as well as corre- 
sponding empirical results. 

6. Judge-stringency instruments have been used in the criminal justice set- 
ting and in other settings, such as foster care ( Doyle 2008 ; Gross and Baron 
2022 ), disability claims ( Maestas, Mullen, and Strand 2013 ), bankruptcy ( Dobbie 
and Song 2015 ), eviction ( Collinson et al. 2024 ), or patent decisions ( Sampat and 
Williams 2019 ). In many settings, decision makers have multiple alternatives: 
pretrial detention, electronic monitoring, or release ( Rivera forthcoming ); opioid 
prescription, other pain medication, no prescription; foreclosure, loan modifica- 
tion, no court action. 
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II. INSTITUTIONAL DETAILS AND DATA 
II.A. Felony Case Processing in Virginia 

This section describes felony criminal case processing in Vir- 
ginia, focusing on adjudication in the Circuit Court, which is the 
primary data source for this article. 

1. Between Arrest and Circuit Court. After a person is ar- 
rested, they are brought to the local police station, booked, and 
held for a bail hearing. Bail is set by a magistrate, a member of 
the judiciary who does not preside over further hearings on the 
case. Charges are first filed in District Court, where the prelim- 
inary hearing will be held. At this hearing, the prosecutor must 
convince the judge that there is probable cause that the defendant 
committed a felony. This hearing is also the first stage in which 
plea negotiations might occur. Felony charges might be negotiated 
down to misdemeanors, or the charges might be dropped or dis- 
missed entirely. If the judge finds probable cause for a felony, the 
case will proceed to a grand jury hearing in which a panel of cit- 
izens conducts an additional review of the evidence. If the grand 
jury finds probable cause that the defendant committed a felony, 
charges will be filed in Circuit Court, where the remainder of the 
criminal proceedings take place. 7 Our analyses include only cases 
that make it to Circuit Court (roughly 90% of felony charges). 

2. Assignment of Cases to Judges. Once charges have been 
filed in Circuit Court, the case is assigned to a judge. The ex- 
act assignment procedure varies by jurisdiction, as we learned 
during phone interviews with court clerks. A few examples in- 
clude (i) the clerk drawing colored stickers out of a can to assign 
judges; (ii) a rotating schedule where a judge will see all cases 
scheduled for that court during that rotation; (iii) assignment of 
judges to cases based on availability; and (iv) cases assigned to 
judges based on whether the case number is odd or even. Online 
Appendix E shows that our results are robust to which case as- 
signment mechanisms we include. 

7. There are some potential variations of this process. For instance, defen- 
dants can waive their right to a preliminary hearing or a grand jury hearing, and 
prosecutors can bypass the preliminary hearing and directly indict the case with 
the grand jury. 
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3. Adjudication in Circuit Court. Once a judge has been as- 
signed, the defendant must decide whether she wants to plead 
guilty or take the case to trial. Since the decision about how to 
plead depends partly on her expectations of success at trial, we 
describe the trial process first. Trials in Virginia can be either 
in front of a judge, which is called a bench trial, or in front of 
a jury. Approximately 15% of felony convictions in our sample 
come from trials, almost all of which are bench trials. The re- 
mainder come from guilty pleas. In a bench trial, the judge de- 
cides whether to convict and, if so, what sentence to give. Judges 
also exert substantial indirect influence on adjudication and sen- 
tencing. For instance, judges decide what evidence is admissible, 
what charges can proceed, what must be struck from the record, 
and what instructions the jury receives. Many of these decisions 
are made before trial. Since judges influence the expected out- 
come of a trial case, they also influence the willingness to offer or 
accept a plea deal. The more motions are resolved in favor of the 
defense, the stronger her bargaining position will be. Plea nego- 
tiations may result in a stipulated sentence and/or an agreement 
that the prosecutor will request a particular sentence. Virginia 
uses a sentence-guidelines system, but the judge makes the final 
decision about the sentence: they have latitude to reject any ne- 
gotiated plea deal and to deviate from the sentence guidelines if 
they provide a written explanation. For all these reasons, judges 
can influence both the likelihood of conviction and incarceration. 8 

4. Virginia’s Criminal Justice System Compared to Other 
States. Online Appendix A compares aggregate statistics for Vir- 
ginia’s criminal justice system to national averages and statistics 
for states considered in other recent studies of the effects of in- 
carceration. Virginia is similar in terms of incarceration and pro- 
bation rates, and has a similar racial and ethnic composition of 
its incarcerated population. However, it has lower than average 
parole rates because Virginia adopted “truth in sentencing” for 
felony convictions starting in 1995, which requires people with 
felony convictions to serve at least 85% of their prison term. As 
a result, the initial carceral sentence is much more closely linked 
to time spent incarcerated than in other places. 

8. We provide more institutional details related to the relevance of judge strin- 
gency for case outcomes as well as empirical evidence in Online Appendix D . 
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II.B. How Noncarceral Conviction and Incarceration May Affect 
Recidivism 

1. Noncarceral Conviction. Receiving a felony conviction in- 
stead of a dismissal could increase or decrease recidivism through 
several channels. It could decrease recidivism via deterrence. For 
example, a person who is convicted but not incarcerated is of- 
ten placed on probation, which entails additional surveillance and 
scrutiny, increasing the probability of apprehension. It could also 
raise future sentences conditional on conviction, since prior con- 
victions are used to determine recommended sentences. Both of 
these channels suggest that noncarceral conviction increases the 
expected punishment for future offenses, thereby raising the costs 
of crime and potentially dampening recidivism ( Drago, Galbiati, 
and Vertova 2009 ; Philippe 2024 ). 

Alternatively, felony convictions may increase recidivism due 
to the stigma and destabilization associated with such records. 9 
For instance, employers or landlords conducting background 
checks may be dissuaded from hiring or renting to someone with 
a felony conviction, raising the cost of finding work in the for- 
mal sector, depressing future wages, and driving those with felony 
conviction to move into neighborhoods with higher overall crime 
rates (see, for example, Pager 2003 ; Holzer, Raphael, and Stoll 
2007 ; Agan and Starr 2018 ; Craigie 2020 ). 10 

A prior conviction may also increase our measures of recidi- 
vism by changing the outcomes of future criminal justice interac- 
tions, even with no changes to future criminal behavior. Our re- 
cidivism measures are based on new felony charges, convictions, 
and carceral sentences, all of which involve discretionary deci- 
sions by various criminal justice actors. A prior conviction may 
influence these decisions, leading to a “ratcheting up” of penal 
responses, where each subsequent interaction with the criminal 
justice system results in more severe consequences. For exam- 

9. Our article focuses on felony charges. While misdemeanor charges are more 
common ( Mayson and Stevenson 2020 ), they generally carry fewer legal and ex- 
tralegal consequences ( Agan et al. 2024b ). 

10. Both arrests and convictions are visible on background checks and both 
may influence employers’ and landlords’ decisions. However, since convictions 
have met a higher burden of proof, convictions are likely considered more serious 
than arrests that do not lead to conviction, in particular by employers ( Agan et al. 
2024a ). Note also that employment background checks submitted to the Virginia 
criminal records database do not show arrests that did not lead to a conviction 
(see VA Code §19.2-389). 
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ple, a prior conviction could influence the likelihood that someone 
will be detained pretrial, or the prosecutor’s willingness to offer 
diversion or bargain the charges down to a misdemeanor. Crimi- 
nal justice actors have access to a defendant’s full criminal record 
at nearly all stages of decision-making. While even prior arrests 
that were not sustained influence decisions ( Kohler-Hausmann 
2018 ), convictions are generally considered more serious indica- 
tors of prior criminal behavior. 

2. Incarceration. Incarceration could affect recidivism 
through several channels. It could reduce future criminal 
justice contact through incapacitation ( Avi-Itzhak and Shinnar 
1973 ). 11 Incarceration could also decrease recidivism through 
specific deterrence ( Zimring, Hawkins, and Vorenberg 1973 ; 
Drago, Galbiati, and Vertova 2009 ). Under this theory, the neg- 
ative experience of incarceration discourages future criminal 
behavior. Alternatively, incarceration could increase recidivism 
because the trauma, disruption, and loss of human capital in- 
volved with time behind bars erode a person’s capacity to make 
a living in the labor market ( Sykes 1958 ; Blevins et al. 2010 ). 
Crime becomes more attractive as the outside option becomes 
less lucrative or less accessible. Prison might also expand the 
criminal network, thus making illicit activity more profitable 
( Hagan 1993 ; Bayer, Hjalmarsson, and Pozen 2009 ; Stevenson 
2017 ). 
II.C. Data Sources, Sample Construction, and Summary 

Statistics 
This subsection provides a brief overview of our data and 

sample and variable construction. A much more detailed descrip- 
tion can be found in Online Appendix B . This subsection also 
presents summary statistics. 

1. Data. Our primary data source for the judge IV analysis 
in Section IV comes from Virginia Circuit Courts. The data were 
scraped from a publicly accessible website. The Circuit Court data 
are available from 2000 to 2020 and cover all of Virginia except 

11. This doesn’t mean that incarceration prevents crime, since crime is com- 
mon in jails and prisons ( Wolff et al. 2007 ). However, most within-prison crime is 
either not reported or is punished using an internal disciplinary system. Gener- 
ally, only very serious crimes result in new charges. 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/140/4/2907/8225750 by U

niversity of Pennsylvania user on 12 N
ovem

ber 2025

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data


CONVICTION, INCARCERATION, AND RECIDIVISM 2919

Alexandria and Fairfax Counties. This data contains information 
on charges (type and date), on the defendant (gender, race, and 
FIPS code of residence), and on court proceedings (hearing type, 
outcome, and judge). We also use it to construct defendants’ re- 
cidivism outcomes. We then supplement this data with informa- 
tion on prior felony convictions from the Virginia Criminal Sen- 
tencing Commission, which covers everyone convicted of a felony 
in Virginia during the period 1996–2020. 

2. Sample and Variable Construction. We drop courts 
where cases are assigned to judges based on judge specializa- 
tion or some other nonrandom schema. We drop courts with sub- 
stantial missing data or only one judge. Observations are at the 
case level. We say that a person is “incarcerated” if at least one 
charge resulted in a carceral sentence. We define a person to be 
“convicted” if at least one charge led to a sentence, but none re- 
sulted in a carceral sentence (i.e., noncarceral conviction). Last, 
we say that a person was “dismissed” if all of their charges led 
to a dismissal or an acquittal. Our main measure of recidivism is 
whether a person has a new felony charge in Circuit Court for an 
offense that allegedly occurred after the focal disposition date. 12 
Our main recidivism measure does not include probation revoca- 
tions unless these are accompanied by a new felony charge for a 
new crime. We calculate recidivism in the first year, years two to 
four, years five to seven, and the first seven years after a person’s 
initial conviction. We also consider two alternative measures of 
recidivism: a new conviction resulting from felony Circuit Court 
charges, or a new carceral sentence resulting from felony Circuit 
Court charges. 

3. Summary Statistics. Table I provides summary statis- 
tics for those dismissed, with a noncarceral conviction, or incar- 
cerated. In our sample, 55% of cases ended with incarceration, 
about 30% ended with noncarceral conviction, and 15% ended 
with dismissal. The three groups are similar in terms of ZIP 
code–level poverty but differ demographically. Cases ending in a 
noncarceral conviction are more likely to have female and non- 
Black defendants. Cases ending in incarceration are more likely 

12. Crimes committed during incarceration are usually addressed with inter- 
nal sanctions and are unlikely to result in new felony charges. Hence, our main 
recidivism measures are likely to overlook crimes committed behind bars. 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/140/4/2907/8225750 by U

niversity of Pennsylvania user on 12 N
ovem

ber 2025



2920 THE QUARTERLY JOURNAL OF ECONOMICS

TABLE I 
SUMMARY STATISTICS 

Dismissed Convicted Incarcerated 
(1) (2) (3)

Offenses 
Drugs 0.35 0.33 0.29
Larceny 0.17 0.29 0.25
Assault 0.19 0.08 0.18
Fraud 0.09 0.16 0.10
Traffic 0.04 0.05 0.13
Burglary 0.06 0.07 0.08
Robbery 0.05 0.02 0.06
Sexual assault 0.03 0.02 0.03
Kidnapping 0.03 0.01 0.02
Murder 0.01 0.00 0.01

Defendant characteristics 
Black 0.57 0.51 0.60
Female 0.22 0.32 0.16
% of people in ZIP earning < $25K 0.46 0.44 0.46 
Has misdemeanor 0.06 0.09 0.08 
Prior conviction within five years 0.14 0.10 0.22 

Sentencing 
Incarceration length 0.00 0.00 27.45 
Probation length 0.00 31.50 39.34 

Median incar. length 0 0 12 
Median prob. length 0 12 12 
Percent of sample 16 30 55 
Observations 28,589 54,640 100,152 

Notes. This table shows means and select medians of relevant variables for the data used in the 2SLS 
analysis split into the three subsamples. The first column shows estimates for those whose cases were dis- 
missed or who were found not guilty. The second column shows estimates for those whose cases ended with 
a noncarceral conviction. The final column shows estimates for those whose cases ended with incarceration. 
The incarceration and probation length medians and means are in months. Probation length is top-coded at 
20 years. Our primary data source is Virginia Circuit Court Records from 2000–2012. 
to have defendants with prior felony convictions (22%) compared 
with the noncarceral conviction and dismissed samples (10% and 
14%, respectively). Drug charges are the most common charges 
for all groups, followed by larceny, assault, and fraud. Online 
Appendix Figure E.1 presents disposition types for four common 
offenses: drugs, larceny, assault, and fraud. While there is vari- 
ation in the breakdown, all three disposition types exist in each 
offense type. 
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III. EXTENDING BINARY-TREATMENT JUDGE IV TO MULTIPLE 
TREATMENTS 

In this section, we extend the “random judge” framework 
from the binary-treatment setting to the setting with three possi- 
ble court outcomes. We outline assumptions under which widely 
used 2SLS regressions recover margin-specific treatment effects, 
provide intuition for their restrictiveness by relating them to 
models of judge decision-making, and derive an expression that 
can be used to reason about the likely sign and direction of bias 
when some of the assumptions are not met. 
III.A. Notation and Common Regression Specifications 

We consider a setting where cases can end in one of three 
mutually exclusive and collectively exhaustive alternatives: dis- 
missal ( d), noncarceral conviction ( c ), or incarceration ( i ). We de- 
note treatment by T ∈ { d, c, i } . To simplify the discussion, we fur- 
ther define Tk ≡ 1 { T = k } as an indicator for the outcome of the 
case being k ∈ { d, c, i } and T\ d ≡ 1 { T ∈ { c, i }} as an indicator that is 
equal to one if an individual is convicted or incarcerated (i.e., their 
case is not dismissed). Finally, we let Y be a measure of recidi- 
vism. 

Both Tc and Ti are likely to be affected by unobserved factors 
that also influence recidivism, such as the strength of the evi- 
dence or the details of the offense or criminal record. Therefore, 
in a regression of Y on these court outcomes, there is concern 
about selection bias. To deal with selection, a common approach 
is to use judge propensities for specific case outcomes as instru- 
ments. Let J denote the identity of the judge randomly assigned 
to a case. Define incarceration stringency Zi ≡ E[ Ti | J] and let 
z j 

i ≡ E[ Ti | J = j] , where j ∈ { 1 , ..., J } indexes the judges. Simi- 
larly define Zk and z j 

k for k ∈ { c, d} . 
Using this notation and abstracting away from covariates, 

the following regression model is commonly used to study the 
impacts of incarceration (see, for example, Mueller-Smith 2015 ; 
Bhuller et al. 2020 ; Arteaga 2023 ; Norris, Pecenco, and Weaver 
2021 ): 

Ti = α0 + α1 Zi + α2 Zd + ε(1) 
Y = β0 + β1 Ti + β2 Zd + ν. (2) 
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Estimated using 2SLS, researchers instrument incarceration 
with the assigned judge’s incarceration stringency and controls 
for dismissal stringency Zd to prevent exclusion violations stem- 
ming from the judge’s likelihood of conviction. 13 

Analogously, one approach to learning about the impact of a 
noncarceral conviction is to use the following regression specifica- 
tion, which instruments for conviction but controls for incarcera- 
tion stringency: 

Tc = γ0 + γ1 Zc + γ2 Zi + ε(3) 
Y = δ0 + δ1 Tc + δ2 Zi + ν. (4) 

In the next subsection, we discuss conditions under which δ1 has 
a causal and margin-specific interpretation. 14 
III.B. Judge IV Assumptions in the Multiple-Treatment Case 

We define, for each individual, the potential case out- 
comes T (zc , zi ) ∈ { d, c, i } , and the potential recidivism outcomes 
Y (t, zi , zc ) , t ∈ { d, c, i } . We further define Tk (zc , zi ) ≡ 1 { T (zc , zi ) = 
k } for k ∈ { d, c, i } . Using this notation, we can state the standard 
IV assumptions of exclusion, random assignment, and relevance 
for the multiple-treatment case: 
ASSUMPTION 1. Exclusion . Y (t, zi , zc ) = Y (t) ∀ t, zi , zc . 
ASSUMPTION 2. Random Assignment . Y (t) , T (zc , zi ) ⊥⊥ 

Zi , Zc ∀ t, zi , zc . 
ASSUMPTION 3. Relevance . γ1 ' = 0 in equation (3) . 

We also make the following assumption, following Blandhol 
et al. (2022) : 

13. Another common specification uses a second stage with the two endoge- 
nous treatments, Tc and Ti , instrumented with both stringencies, Zc and Zi . Un- 
der Assumptions 1 –4 , this specification produces the same 2SLS estimand as 
equations (1) and (2) (see Online Appendix C.6 ). Alternatively, researchers may 
consider including a single binary treatment indicator (e.g., Ti ) and instrument 
with judge stringency in that dimension, omitting controls for other dimensions of 
sentencing. Under the standard Imbens and Angrist (1994) LATE assumptions, 
this approach does not recover a well-defined causal effect when there are mul- 
tiple treatments and the stringencies are correlated, which is likely given that 
Zi = 1 − (Zc + Zd ) (see Online Appendix C.7 ). 

14. Our discussion in the remainder of this section is organized around the 
interpretation of δ1 in specifications (3) and (4) , but an analogous argument holds 
for β1 in specifications (1) and (2) . 
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ASSUMPTION 4. Rich Covariates . The linear projection of Zc on Zi 
is equal to E[ Zc | Zi ] . 

Throughout the article, unless specified otherwise, we as- 
sume Assumptions 1 –4 are satisfied. Assumptions 1 –3 repre- 
sent straightforward analogs to the standard Imbens and Angrist 
(1994) assumptions, and Assumption 4 imposes a functional-form 
assumption related to using Zi as a control. Equations (3) and (4) 
instrument for conviction using Zc while controlling for Zi rather 
than instrumenting for conviction and incarceration jointly in the 
same 2SLS regression. An advantage of this approach is that con- 
cerns about the validity of Assumption 4 can be alleviated in a 
straightforward way by controlling for Zi more flexibly (see Online 
Appendix C.5 ). 

Extending the monotonicity assumption from the binary to 
the multiple-treatment setting is less straightforward. In other 
applications, researchers have assumed that instruments induce 
compliers to take up a specific treatment, without inducing any- 
one to switch into other non-focal treatments, that is, that the in- 
struments are treatment specific. For example, Kline and Walters 
(2016) study the impact of enrolling in Head Start in a setting 
with two outside options, using randomly assigned offers of en- 
rollment as an instrument. The Head Start offer is assumed 
to not induce switches between the outside options. Similarly, 
Kirkeboen, Leuven, and Mogstad (2016) study the returns to col- 
lege majors and use offers of admission to specific majors as in- 
struments. Their irrelevance condition states that access to a ma- 
jor does not induce switches between other choices (e.g., increased 
access to an economics major won’t induce students to switch 
between history and mathematics). In a similar vein, Mountjoy 
(2022) assumes that reducing the distance to a two-year college 
(while holding distance to four-year colleges fixed) lowers its rela- 
tive costs but does not induce switches between four-year college 
and not enrolling. 

The unordered partial monotonicity (UPM) assumption in 
Mountjoy (2022) formalizes the assumption that instruments are 
treatmentspecific. In our notation, this assumption can be stated 
as: 
ASSUMPTION 5. Unordered Partial Monotonicity (UPM (Zc | Zi ) ) . 

For all zc , z′ 
c , zi with z′ 

c > zc and holding zi fixed: 
(i) Tc (z′ 

c , zi ) ! Tc (zc , zi ) , 
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(ii) Ti (z′ 
c , zi ) " Ti (zc , zi ) , 

(iii) Td (z′ 
c , zi ) " Td (zc , zi ) . 

Treatment specificity of an instrument for conviction, as for- 
malized by UPM, imposes three restrictions on substitution pat- 
terns when Zc increases and Zi is held fixed. First, it guarantees 
that individuals only move into (and not out of) noncarceral con- 
viction. Second, it guarantees that individuals only (weakly) move 
in one direction across any margin. Third, it rules out flows be- 
tween dismissal and incarceration. 15 The UPM assumption thus 
incorporates a property similar to the “no defiers” assumption in 
the binary setting ( Imbens and Angrist 1994 ), but also rules out 
switches between incarceration and dismissal. 

When using judge stringencies as instruments, the UPM as- 
sumption restricts substitution patterns more than in the three 
studies discussed above. In those examples, the instruments re- 
duce costs or increase access to specific choices. In contrast, judge- 
stringency instruments are the judge-specific probabilities of a 
case ending with a particular outcome. The stringency instru- 
ments will add up to one ( z j 

d + z j 
c + z j 

i = 1 ) because our case out- 
comes are mutually exclusive. As such, judge-stringency instru- 
ments vary the probabilities of taking up particular treatments. 
If we condition on the judge stringency for one particular treat- 
ment, we fix its net probability of take-up. 

This feature of judge instruments is important for under- 
standing judge IV with multiple treatments. If we increase con- 
viction stringency Zc while holding Zi fixed, we increase the net 
probability of conviction while holding the net probability of incar- 
ceration constant. Thus, if increasing Zc results in an i → c shift, 
there must also be a compensating same-sized d → i shift to keep 
the net probability of incarceration constant. However, UPM( Zc | 
Zi ) rules out flows from dismissal to incarceration. Because the 
net probability of incarceration Zi is held fixed, there can be no 
i → c flows. Therefore, UPM implies that judge-stringency instru- 
ments are not only treatment-specific, as in the examples already 
described, but also margin-specific: they induce complier flows 
across only one margin, for example, dismissal to noncarceral con- 

15. Note that UPM can hold when varying one instrument and holding the 
other fixed, but not hold when switching the roles of the instruments. We therefore 
use the notation UPM( Zc | Zi ) for the definition above and UPM( Zi | Zd ) when 
incarceration is the focal treatment. 
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viction. In the multiple-treatment judge IV setting, UPM there- 
fore ensures that we recover margin-specific treatment effects, 
but it is also a less plausible assumption than in many other 
multiple-treatment IV settings. In Section III.C we illustrate the 
restrictiveness of the UPM assumption by showing that it rules 
out certain reasonable models of judge decision-making. 

Given that UPM may be a particularly strong assump- 
tion with judge-stringency instruments, we introduce a weaker 
monotonicity assumption, which we call conditional pairwise 
monotonicity (CPM). 16 
ASSUMPTION 6. Conditional Pairwise Monotonicity (CPM 

(Zc | Zi ) ). 
For case outcomes c , i , and d, for all zc , z′ 

c , zi with z′ 
c > zc and 

holding zi fixed: 
(i) Tc (z′ 

c , zi ) ! Tc (zc , zi ) for all individuals. 
(ii) if Ti (z′ 

c , zi ) = Td (zc , zi ) = 1 for any individual, then 
Ti (zc , zi ) = 1 implies Td (z′ 

c , zi ) = 0 for all individuals. 
(iii) if Td (z′ 

c , zi ) = Ti (zc , zi ) = 1 for any individual, then 
Td (zc , zi ) = 1 implies Ti (z′ 

c , zi ) = 0 for all individuals. 
CPM imposes two of the three restrictions imposed by UPM. 

It guarantees that in response to increasing Zc while holding Zi 
fixed, individuals only move into (and not out of) T = c and that 
individuals only (weakly) move in one direction across any mar- 
gin. 17 CPM does not rule out flows across margins that are not 
adjacent to noncarceral conviction. For example, an increase in 
Zc holding Zi constant can induce d → c and i → c flows, but also 
d → i flows. Throughout this article, we assume CPM holds. Next 

16. Another way to relax the UPM assumption would be to extend the 
concept of average monotonicity ( Frandsen, Lefgren, and Leslie 2023 ) to the 
multiple-treatment setting. We present a definition of “average UPM” in Online 
Appendix C.4 . Bhuller and Sigstad (2024) provide a more general way to extend 
average monotonicity with an arbitrary number of treatments. They provide con- 
ditions that are both sufficient and necessary for the 2SLS estimand from a re- 
gression model with multiple treatment and multiple instruments to have “proper 
weights.”

17. Note that conditions (ii) and (iii) in Assumption 6 are equivalent to 
Td (z′ 

c , zi ) " Td (zc , zi ) in our setting with stringency instruments. Thus CPM is 
equivalent to (i) and (iii) from the UPM definition. 
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we discuss the implications for 2SLS estimands when CPM holds 
but UPM does not. 18 
III.C. Connecting Assumptions to Models of Judge 

Decision-Making 
Here we provide economic intuition for the assumptions in 

the previous subsection, by examining how they restrict models 
of judge decision-making. We consider three index-crossing mod- 
els of judge decision-making based on canonical models of multi- 
nomial discrete choice—an ordered-choice model, a sequential- 
choice model, and an unordered-choice model—and discuss how 
they relate to the legal and institutional practices of criminal pro- 
ceedings. 19 All three models satisfy the CPM assumption. Only 
the ordered-choice model satisfies the UPM assumption for both 
instruments. The sequential model illustrates that UPM may be 
satisfied for one of the instruments but not the other. 

1. Ordered Choice. First, we consider a straightforward ex- 
tension to a trinary model from the binary threshold-crossing 
model. This extension is an ordered-choice model with a single di- 
mension of case-specific unobserved heterogeneity W . Each judge 
has their own thresholds for the values of W that would result in 
dismissal, noncarceral conviction, and incarceration: 

Td = 1 { W < πc (Zd ) } 
Tc = 1 { πc (Zd ) " W < πi (Zi ) } 
Ti = 1 { W ! πi (Zi ) } . (5) 

Figure I , Panel A visualizes, for two different judges, the re- 
gions of W under which each judge dismisses, convicts, and incar- 
cerates. In this example, judge 1 has higher thresholds for non- 
carceral conviction and for incarceration than judge 2. 

18. While CPM is weaker than UPM, it still imposes restrictions on judge 
behavior that may not hold: it rules out defiers by requiring the instrument moves 
everyone in the same direction across a margin (see, for example, de Chaisemartin 
2017 ; Chan, Gentzkow, and Yu 2022 ; Frandsen, Lefgren, and Leslie 2023 ; Sigstad 
2023 , for more elaborate discussions). Here, we focus on the novel issues that arise 
with judge-stringency instruments and multiple treatments. 

19. Throughout this subsection we use “models of judge decision-making” as 
a shorthand; in practice, court outcomes reflect a combination of decisions by mul- 
tiple actors. 
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(A)

(B)

FIGURE I 
Ordered-Choice Model 

This figure visualizes how, under the ordered-choice model, judges classify in- 
dividuals into incarceration, conviction, and dismissal depending on the cases’ 
unobservable W . Panel A visualizes this for two arbitrary judges, and Panel B 
does so for two judges with the same incarceration stringency but different convic- 
tion stringencies. The solid yellow area (color version available online) represents 
those who would switch from dismissed to convicted when moving from judge 1 
to judge 2. The area with blue hatching represents those who would switch from 
convicted to incarcerated when moving from judge 1 to judge 2. 

In an ordered-choice model, we can recover margin-specific 
treatment effects for both the conviction-dismissal margin and 
the incarceration-conviction margin. Consider Figure I , Panel B, 
where both judges have the same incarceration threshold, but 
judge 2 has a lower noncarceral conviction threshold, meaning 
that they convict more and dismiss less than judge 1. Fixing 
Zi and increasing Zc will hold πi (Zi ) fixed and decrease πc (Zd ) . 
The only people who will switch treatment status are those who 
move from dismissal to conviction. When conditioning, the in- 
struments are treatment-specific, since fixing Zi and increasing 
Zc will induce flows into only one choice ( T = c ) and not into 
any other treatment. Moreover, the instruments only move in- 
dividuals across a single margin ( d → c ). Similarly, we can learn 
about the effect of incarceration versus noncarceral conviction us- 
ing variation in Zi and fixing Zd . Thus, this choice model satis- 
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fies the UPM assumption for both margins (i.e., UPM( Zc | Zi ) and 
UPM( Zi | Zd ) hold). 

This model would be appropriate if all judges considered 
a single dimension of unobserved heterogeneity in their deci- 
sion, and they agreed on how cases are ranked according to 
this dimension. The only way judges can differ in their decision- 
making is by setting different thresholds for assigning cases to 
each outcome. In practice, however, judges could take into ac- 
count more than one dimension of unobserved heterogeneity. 
In the remainder of this section, we consider models that al- 
low for multiple dimensions of unobserved differences between 
defendants. 

2. Sequential Choice. Next we consider a sequential-choice 
model in which the court process consists of two decisions: (i) a 
dismissal decision and, if not dismissed, (ii) an incarceration de- 
cision. This model reflects the two-step process of criminal cases: 
a trial to adjudicate guilt or innocence, followed by a sentenc- 
ing hearing if the person is found guilty. It allows judges to con- 
sider different, though potentially correlated, unobserved factors 
in each decision. For example, conviction decisions may depend 
on the strength of the evidence, whereas incarceration decisions 
may depend on other aspects, such as the propensity to reoffend 
or severity of the crime. 

We can write this as a threshold-crossing model: 
Td = 1 { Uc < πc (Zd ) } 
Tc = 1 { Uc ! πc (Zd ) , Ui < πi (Zi , Zd ) } 
Ti = 1 { Uc ! πc (Zd ) , Ui ! πi (Zi , Zd ) } . (6) 

In this model, the first choice is between T ∈ \ d (not dismissed) 
and T = d and depends on the value of case-specific unobservable 
Uc relative to the judge-specific threshold πc . For cases that switch 
from dismissed to “not dismissed,” there is a second choice: non- 
carceral conviction or incarceration. This choice depends on the 
value of case-specific unobservable Ui , which can be correlated 
with Uc , relative to judge-specific πi . 20 This model is consistent 

20. See Heckman, Humphries, and Veramendi (2016) for details on identify- 
ing treatment effects in this type of sequential-choice model, and Arteaga (2023) 
for a criminal court application studying the impacts of incarceration using a 
model similar to the sequential model described above. 
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with different factors being relevant at each stage of the decision. 
For example, evidence might be more relevant to conviction while 
the criminal record might be more relevant to sentencing. It is 
also consistent with new information arriving at the incarcera- 
tion stage, such as letters of support for the person convicted of 
the crime or victim impact statements. 

Under the sequential model and Assumptions 1 –4 , it is 
possible to use 2SLS and the stringency instruments to re- 
cover margin-specific treatment effects for the incarceration- 
conviction margin, but not for the conviction-dismissal margin 
or the dismissal–no dismissal margin. Figure II illustrates this 
point. Panel A visualizes the decision regions of one judge, which 
are based on Uc and Ui . Panel B compares two judges who have 
the same probability of dismissal, but where the second judge has 
a higher probability of incarceration. Here, variation in Zi holding 
Zd fixed only induces c → i changes in court outcomes for a set of 
compliers. 

In contrast, Panel C compares two judges who have the 
same probability of incarceration ( Zi ), where judge 2 has a lower 
probability of dismissal ( Zd ). Recall that Zi is the proportion of 
cases resulting in incarceration. In this figure, Zi corresponds to 
the fraction of cases in the top right section. For two judges to 
have the same incarceration probabilities but different dismissal 
probabilities, both πi and πc must differ across these judges. Com- 
parisons across these two judges induces three sets of compliers: 
d → c compliers, i → c compliers, and d → i compliers. This ex- 
ample satisfies CPM because there is only a one-way flow across 
any margin and no flows out of treatment. However, the flow 
from T = d to T = i implies that the instrument is not treatment- 
specific, and UPM( Zc | Zi ) is not satisfied. 

Although the sequential model captures the two-step nature 
of the criminal proceeding, it may not be a good model if the out- 
come of the case is determined by a joint consideration of the two 
dimensions, as may be the case when plea bargaining occurs. We 
thus consider a multinomial choice model, which has two dimen- 
sions of unobserved heterogeneity but allows for unobservables to 
affect both conviction and incarceration. 

3. Unordered Multinomial Choice. We consider an un- 
ordered multinomial choice model, where outcomes can be 
thought of as being determined by judges maximizing over their 
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(A) (B)

(C)

FIGURE II 
Sequential-Choice Model 

This figure visualizes how, under the sequential-choice model, judges classify 
individuals into incarceration, conviction, and dismissal depending on the cases’ 
unobservable Ui and Uc . Panel A visualizes this for an arbitrary judge, Panel B 
does so for two judges with the same dismissal stringency and different conviction 
stringencies, and Panel C for two judges with the same incarceration stringency 
but where judge 2 has a higher conviction stringency. The solid yellow area rep- 
resents those who would switch from dismissed to convicted when moving from 
judge 1 to judge 2. The area with blue diagonal hatching represents those who 
would switch from incarceration to conviction when moving from judge 1 to judge 
2. The area with red wavy horizontal hatching represents those who would switch 
from dismissal to incarceration when moving from judge 1 to judge 2. 
“returns”: 21 

Rc ≡ Vc − πc (Zc , Zi ) 
Ri ≡ Vi − πi (Zc , Zi ) 
Rd ≡ 0 . (7) 

21. See, for example, Heckman, Urzua, and Vytlacil (2006) for a discussion of 
treatment effects in an unordered multinomial-choice model and Mountjoy (2022) 
for an application in the context of college choice. 
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The outcome of the case depends on the judge’s threshold for 
noncarceral conviction ( πc (Zc , Zi ) ), the judge’s threshold for incar- 
ceration ( πi (Zc , Zi ) ), and two unobserved case-specific characteris- 
tics ( Vc and Vi ). Thus, this model assumes that case outcomes are 
determined by a joint consideration across the two unobserved 
dimensions, which may better capture the intertwined decisions 
that are common in Virginia and other U.S. jurisdictions due to 
plea bargaining. In a plea deal, a defendant typically agrees to 
plead guilty in exchange for a lower sentence, making conviction 
and sentencing determinations closely connected; unobserved 
determinants of the sentencing decision may affect the decision 
to plead guilty. 

Using the unordered multinomial-choice model, we can write 
the three treatment indicators as: 

Td = 1 { Vc < πc (Zc , Zi ) , Vi < πi (Zc , Zi ) } 
Tc = 1 { Vc ! πc (Zc , Zi ) , Vc − Vi ! πc (Zc , Zi ) − πi (Zc , Zi ) } 
Ti = 1 { Vi ! πi (Zc , Zi ) , Vi − Vc ! πi (Zc , Zi ) − πc (Zc , Zi ) } . (8) 

The propensity of a judge to convict depends on both πi and 
πc , neither of which is directly observed. Figure III , Panel A visu- 
alizes the court outcomes and how they depend on judge thresh- 
olds and the two unobservables. 

Under this model, the instruments are not treatment- 
specific. Consider Figure III , Panel B, which shows how treat- 
ment assignment changes when holding Zi fixed and increasing 
Zc . In this case, individuals shift from incarcerated to convicted 
and from dismissed to convicted but, to hold the probability of in- 
carceration ( Zi ) constant, individuals also need to shift from dis- 
missed to incarcerated. This flow from dismissal to incarceration 
violates UPM and demonstrates that instruments neither move 
individuals into a single treatment nor across a single margin. 
Similar conclusions are drawn when holding Zc (or Zd ) fixed and 
varying Zi . Hence, under this model, 2SLS with stringency in- 
struments does not recover margin-specific or treatment-specific 
treatment effects without further assumptions. 

Figure III , Panel C illustrates the distinction between 
treatment-specific instruments and judge-stringency instru- 
ments with multiple treatments. A treatment-specific instrument 
would directly shift πc , holding πi constant. Such variation would 
result in flows into conviction from the other two treatments and 
no flows between incarceration and dismissal, as shown in Panel 
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(A)
(B)

(C)

FIGURE III 
Unordered Multinomial-Choice Model 

This figure visualizes how, under the unordered multinomial-choice model, 
judges classify individuals into incarceration, conviction, and dismissal depend- 
ing on the cases’ unobservable Vi and Vc . Panel A visualizes this for an arbitrary 
judge, Panel B does so for two judges with the same incarceration stringency but 
where judge 2 has higher conviction stringency, and Panel C for two judges with 
the same threshold for incarceration but where judge 2 has a higher conviction 
stringency. The solid yellow area represents those who would switch from dis- 
missed to convicted when moving from judge 1 to judge 2. The area with blue 
diagonal hatching represents those who would switch from incarceration to con- 
viction when moving from judge 1 to judge 2. The area with red wavy horizontal 
hatching represents those who would switch from dismissal to incarceration when 
moving from judge 1 to judge 2. 
C. The judge-stringency instrument for conviction does not cor- 
respond to πc ; it corresponds to the net probability of conviction, 
that is, the probability mass above the conviction section of the 
graph. Given that we do not observe πc or πi , we can only shift or 
condition on Zc and Zi , resulting in variation that violates UPM 
and does not solely shift people into or out of a particular treat- 
ment. 
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III.D. Asymptotic Bias Under Different Monotonocity 
Assumptions 

The previous subsection showed how UPM rules out some 
reasonable models of judge behavior, while the weaker CPM con- 
dition is not sufficient for 2SLS to recover margin-specific or 
treatment-specific effects. Here we derive the Wald estimand 
under CPM, which is satisfied by all three models. As in the 
earlier section, we consider the impacts of conviction versus dis- 
missal and study the case where Zc takes two values and Zi is 
fixed. Analogous results for the incarceration-conviction margin 
can be obtained by rearranging subscripts. 

Consider increasing conviction stringency from zc to z′ 
c while 

holding incarceration stringency fixed at zi . Let ωi → c represent 
the proportion of cases switching from incarceration to convic- 
tion in response to the instrument shift. Similarly, allow ωd→ c and 
ωc → i to represent the proportions of cases responding by switch- 
ing across the other margins. Next, let )Yc −Yi 

i → c represent the local 
average of T = c versus T = i treatment effect for i → c compliers 
when the instrument shifts from zc to z′ 

c , holding Zi fixed. More 
generally, )Ym −Yn 

k → l denotes the average treatment effect of T = m 
versus T = n for k → l compliers. 22 
PROPOSITION 1. Under Assumptions 1 –4 and CPM, the Wald 

estimand of increasing conviction stringency Zc from zc to z′ 
c , 

while holding incarceration stringency fixed at Zi = zi , is given 
by 

E[ Y (T (z′ 
c , zi )) − Y (T (zc , zi ))] 

E[ Tc (z′ 
c , zi ) − Tc (zc , zi )] 

=
ωd→ c )Yc −Yd 

d→ c + ωi → c )Yc −Yd 
d→ i 

ωd→ c + ωi → c ︸ ︷︷ ︸ 
Positively-weighted avg. of Yc −Yd treatment effects 
+ ωi → c 

ωd→ c + ωi → c 
[ 
)Yi −Yc 

d→ i − )Yi −Yc 
i → c ] 

︸ ︷︷ ︸ 
Bias term 

. (9) 

Proof: See Online Appendix C.1 . 
22. For simplicity, we suppress notation indicating instrument values; for 

example, we write ωd→ c rather than ωd→ c (z′ 
c , zc | zi ) and )Ym −Yn 

j→ k rather than 
)(z′ 

c , zc | zi )Ym −Yn 
j→ k . 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/140/4/2907/8225750 by U

niversity of Pennsylvania user on 12 N
ovem

ber 2025

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data


2934 THE QUARTERLY JOURNAL OF ECONOMICS

Proposition 1 states that the Wald estimand can be decom- 
posed into two terms. The first term is a weighted average of two 
local average treatment effects (LATEs) for noncarceral convic- 
tion versus dismissal, corresponding to two different groups of 
compliers. The second term represents asymptotic bias relative 
to this weighted average. The bias term is the difference between 
the LATE for incarceration versus conviction for two equally sized 
groups of compliers, weighted by the share of compliers mov- 
ing from incarceration to noncarceral conviction. A direct conse- 
quence of Proposition 1 is that when we replace the CPM assump- 
tion with the UPM assumption, the bias term in equation (9) is 
eliminated. 
COROLLARY 1. Under Assumptions 1 –4 and UPM, the Wald esti- 

mand of increasing conviction stringency Zc from zc to z′ 
c , while 

holding incarceration stringency fixed at Zi = zi , is given by 
E[ Y (T (z′ 

c , zi )) − Y (T (zc , zi ))] 
E[ Tc (z′ 

c , zi ) − Tc (zc , zi )] = E[ Y (T (z′ 
c , zi )) − Y (T (zc , zi )) 

| Tc (z′ 
c , zi ) = Td (zc , zi ) = 1] 

= )Yc −Yd 
d→ c . (10) 

This corollary stems from the fact that the bias term is zero 
if ωi → c equals zero, that is, no compliers shift from incarcera- 
tion to conviction. As discussed previously, UPM combined with 
judge-stringency instruments ensures that this condition is met. 
Thus, under UPM, the Wald estimand will be )Yc −Yd 

d→ c , which is 
the LATE for noncarceral conviction versus dismissal for those 
shifted across that margin by the instrument. 

Proposition 1 and Corollary 1 allow us to reason about con- 
ditions under which asymptotic bias will be quantitatively im- 
portant for our 2SLS estimands. Under Assumptions 1 –4 and 
UPM, the 2SLS specification in equations (3) and (4) yields a 
positively weighted sum of unbiased Wald estimands. 23 If CPM 
holds but UPM does not, then the 2SLS estimands will repre- 
sent a positively weighted sum of the biased Wald estimands from 

23. Note that Assumptions 1 –5 imply the assumptions needed in Blandhol 
et al. (2022) for 2SLS to recover causal estimands. In particular, Assumption 
5 (UPM) implies their “ordered strong monotonicity” (OSM). See Online 
Appendix C.3 for details, and see Online Appendix C.5 for how to interpret the 
2SLS estimand when additional covariates are included in the 2SLS regression. 
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equation (9) unless we impose additional assumptions. One pos- 
sibility is to restrict treatment-effect heterogeneity. 

1. Treatment-Effect Homogeneity Assumptions Under Which 
the Bias Term Is Zero. The bias term will be zero if )Yi −Yc 

d→ i −
)Yi −Yc 

i → c = 0 . Thus, if the average treatment effects of incarcera- 
tion versus conviction are the same for the d → i compliers and 
i → c compliers, the bias will be zero. For this result, we do not 
need the stronger assumption that treatment effects are homoge- 
neous across all cases. Nor do we need to assume treatment-effect 
homogeneity across the conviction-dismissal margin. 24 A special 
case occurs when the impact of incarceration versus conviction is 
zero for these two groups. This case is of specific interest in our 
context, because prior studies find null effects across this mar- 
gin after the incapacitation period (see, for example, Loeffler and 
Nagin 2022 ; Garin et al. 2025 ). We return to this point in Section 
IV.E . 

2. Reasoning About Sign and Magnitude of the Bias. 
Equation (9) also allows us to reason about the likely sign and 
magnitude of the bias when we are unwilling to make the ho- 
mogeneity assumptions discussed above. We know that the bias 
term is less than and proportional to )Yi −Yc 

d→ i − )Yi −Yc 
i → c , that is, the 

difference in the impact of incarceration (relative to noncarceral 
conviction) between d → i compliers and i → c compliers. Thus 
the sign and the magnitude of the bias depend on the differential 
impact across these two groups. We illustrate how it is possible 
to reason about this differential impact in our context of criminal 
court cases in Section IV.E . 

IV. CONVICTION, INCARCERATION, AND RECIDIVISM: 2SLS 
ESTIMATES 

IV.A. Regression Specifications for Estimation 
Using leave-one-out estimates of judge stringency as our in- 

struments, we consider the following 2SLS regression model, 
24. Also note that homogeneous treatment effects rule out selection on gains 

but still allow for selection on levels (e.g., individuals more prone to recidivism 
can be more likely to be incarcerated). 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/140/4/2907/8225750 by U

niversity of Pennsylvania user on 12 N
ovem

ber 2025



2936 THE QUARTERLY JOURNAL OF ECONOMICS

which is common in the literature (stated here for noncarceral 
conviction; the specification for incarceration is analogous): 

Tc = δ0 + δ1 Zc + δ2 Zi + δ3 ′ X + ε(11) 
Y = γ0 + γ1 Tc + γ2 Zi + γ3 ′ X + ν, (12) 

where Y is one of the measures of recidivism described in Section 
II.C . The vector X includes court-by-year, court-by-month, and 
day-of-the-week fixed effects, as well as controls for offense type, 
race, gender, and a flag for prior felony convictions. For our main 
measure of judge stringency, we use the three-year leave-one- 
out conviction and incarceration rates for the judge handling the 
case. 25 We run these 2SLS regressions on the sample described in 
Section II.C . 26 

In Online Appendix D , we discuss how Assumptions 1 –3 are 
supported by features of the institutional environment and pro- 
vide results from empirical tests of these assumptions. For both 
the conviction and incarceration regressions, we have a strong 
first stage with F -statistics of 165 and 288 ( Table II ), suggesting 
that relevance holds in our setting. Figure IV , Panels A and B 
plot the variation in residualized judge conviction and incarcer- 
ation stringency, showing that there is substantial variation in 
each. Figure IV , Panel C provides a scatter plot of residualized 
conviction and incarceration stringency and shows that there is 
also substantial variation in Zc conditional on Zi , and vice versa. 
For balance, Table III shows that, while case characteristics are 
strong predictors of conviction and incarceration, they do not pre- 
dict judge stringencies. For the few covariates with statistically 
significant loadings, the predicted difference in stringency tends 
to be very small (0.016 to 0.036 standard deviations of the resid- 
ualized stringency measure, see Online Appendix Table D.1 ). In 
addition, Online Appendix Tables D.2 and D.3 show that our main 
results are broadly similar when systematically dropping certain 
case types, such as assault. For the exclusion restriction, we dis- 

25. We choose a three-year window to ensure that the stringency measures 
are computed based on an adequate number of cases per judge, without requiring 
that judges behave identically for their entire tenure. We exclude cases assigned 
to judges who see fewer than 100 cases in the three-year period. 

26. As discussed in Section III.B , under Assumptions 1 –5 , these regression es- 
timates can be interpreted as causal and margin-specific. See Online Appendix C.5 
for additional discussion of what 2SLS identifies when including controls based on 
Blandhol et al. (2022) , and details on the assumption of sufficiently rich controls. 
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TABLE II 
RELEVANCE: FIRST-STAGE COEFFICIENTS FOR THE 2SLS ANALYSIS 

Noncarceral conviction Incarceration 
(1) (2) (3) (4) (5) (6) 

Conviction stringency 0.63∗∗∗ 0.60∗∗∗ 0.59∗∗∗

(0.033) (0.032) (0.046) 
Incarceration stringency −0.011 0.62∗∗∗ 0.59∗∗∗ 0.60∗∗∗

(0.041) (0.033) (0.032) (0.035) 
Dismissal stringency 0.032 

(0.051) 
Controls No Yes Yes No Yes Yes 
Mean dep. var. 0.298 0.298 0.298 0.546 0.546 0.546 
F -stat. 360.3 339.8 165.1 346.7 351.2 288.2 
N 183,381 183,381 183,381 183,381 183,381 183,381 

Notes. This table reports the coefficient on the instruments from the first stage of the 2SLS regressions. 
Columns (1)–(3) report these coefficients for the conviction analysis, where the outcome is an indicator for the 
case ending in noncarceral conviction. The first column includes the instrument along with court-by-year fixed 
effects, court-by-month fixed effects, and day-of-week fixed effects. The second column adds individual and 
case-level controls, and the third column adds the leave-one-out judge incarceration stringency. Columns (4)–
(6) repeat this analysis, but with incarceration as the outcome; the final column controls for judge dismissal 
stringency. Standard errors (in parentheses) are clustered at the judge-year level. ∗ p < .10, ∗∗ p < .05, ∗∗∗ p 
< .01. 
cuss potential violations and provide tests suggesting that these 
would not have qualitative impacts on our results. For instance, 
we show in Online Appendix Figures E.3 –E.6 that estimates re- 
main largely unchanged when including sentence-length strin- 
gencies as additional controls. Finally, we provide a test of the 
“no defiers” assumption that is part of both CPM and UPM, with 
Online Appendix Table D.5 reporting split-sample monotonicity 
tests and finding the same sign for the first stage across various 
splits of the data. We postpone the discussion and implementa- 
tion of an additional test of the UPM assumption to Section IV.E . 
IV.B. Noncarceral Conviction 

Table IV presents 2SLS estimates of the model in equations 
(11) and (12) . We consider three measures of future criminal jus- 
tice contact: new felony charges in Circuit Court, a new conviction 
resulting from felony Circuit Court charges, or a new carceral sen- 
tence resulting from felony Circuit Court charges. We use various 
time windows to measure recidivism, all measured from the time 
of disposition: year 1, years 2–4, years 5–7, and cumulatively for 
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(A) (B)

(C)

FIGURE IV 
Distribution of the Stringency Instruments 

This figure presents our first stages in graphical format for noncarceral convic- 
tion (Panel A) and incarceration (Panel B). The histograms plot the density of our 
residualized measures of conviction or incarceration stringency, and the line plots 
estimates of the first-stage regression with conviction (Panel A) and incarceration 
(Panel B) as the dependent variable. Panel C is a scatter plot of the residualized 
incarceration and conviction instruments. In all three panels, the corresponding 
instrument is residualized against day-of-the-week, court-by-month, and court- 
by-year fixed effects. 
the first 7 years. For each of these outcomes, we present OLS and 
2SLS regressions. 27 

As discussed in Section II.B , noncarceral conviction (instead 
of a dismissal) could increase or decrease recidivism through mul- 
tiple channels, and the sign of the net effect is not clear a priori. If 

27. Online Appendix Table E.1 presents reduced-form estimates. The OLS 
estimate is from a regression of recidivism on a conviction indicator that is one 
if the individual is convicted or convicted and incarcerated, and controls for an 
incarceration indicator. 
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TABLE III 
BALANCE 

Convicted Conv. stringency Incarceration Incar. stringency 
(1) (2) (3) (4) 

Any prior conv. −0.1379∗∗∗ −0.0000 0.1702∗∗∗ 0.0002 
(0.0029) (0.0002) (0.0032) (0.0002) 

Female 0.1207∗∗∗ −0.0003∗ −0.1242∗∗∗ 0.0002 
(0.0032) (0.0002) (0.0031) (0.0002) 

Black −0.0413∗∗∗ 0.0002 0.0457∗∗∗ −0.0002 
(0.0025) (0.0002) (0.0026) (0.0002) 

Has misdemeanor 0.0434∗∗∗ 0.0001 −0.0148∗∗∗ 0.0003 
(0.0047) (0.0003) (0.0050) (0.0003) 

Drugs −0.0282∗∗∗ 0.0003 0.0705∗∗∗ −0.0000 
(0.0037) (0.0002) (0.0041) (0.0003) 

Larceny −0.0094∗∗∗ 0.0003 0.0995∗∗∗ 0.0003 
(0.0035) (0.0002) (0.0037) (0.0002) 

Assault −0.1542∗∗∗ −0.0011∗∗∗ 0.1576∗∗∗ 0.0012∗∗∗

(0.0035) (0.0002) (0.0043) (0.0003) 
Fraud 0.0251∗∗∗ 0.0004 0.0515∗∗∗ 0.0006∗

(0.0040) (0.0003) (0.0042) (0.0003) 
Traffic −0.1858∗∗∗ −0.0003 0.3307∗∗∗ 0.0006∗

(0.0042) (0.0003) (0.0048) (0.0004) 
Burglary −0.0408∗∗∗ −0.0001 0.0782∗∗∗ 0.0005 

(0.0043) (0.0003) (0.0047) (0.0003) 
Robbery −0.0949∗∗∗ −0.0002 0.1647∗∗∗ 0.0004 

(0.0048) (0.0004) (0.0059) (0.0004) 
Sexual assault −0.1681∗∗∗ −0.0007 0.2071∗∗∗ 0.0012∗∗

(0.0062) (0.0005) (0.0074) (0.0006) 
Kidnapping −0.0631∗∗∗ −0.0005 −0.0023 0.0006 

(0.0066) (0.0006) (0.0085) (0.0006) 
Murder −0.1537∗∗∗ −0.0012 0.1762∗∗∗ 0.0010 

(0.0076) (0.0008) (0.0119) (0.0010) 
F -stat. joint F -test 573.193 3.760 819.507 2.649 
p -value joint F -test 0.000 0.000 0.000 0.001 
Observations 183,381 183,381 183,381 183,381 

Note : This table shows estimates from regressions of either case outcomes (noncarceral conviction or incar- 
ceration indicators) or judge-stringency measures on case characteristics. Regressions include court-by-year 
fixed effects, court-by-month fixed effects, and day-of-week fixed effects. Standard errors are shown in paren- 
theses and are clustered at the judge-year level. The offenses are ordered by their prevalence in the data. To 
see the balance table in standard deviation units, see Online Appendix Table D.1 . ∗ p < .10, ∗∗ p < .05, ∗∗∗ p 
< .01. 
given a causal and margin-specific interpretation, our 2SLS esti- 
mates suggest that noncarceral conviction increases future crim- 
inal justice contact relative to dismissal. The estimates for future 
charges in the first year after conviction are large: around 10.5 
percentage points (95% CI: 0.02 to 0.20), which is a 67% increase 
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relative to the control complier mean. The impact on cumulative 
recidivism 1–7 years later is also statistically significant, with an 
estimate of 24 percentage points (95% CI: 0.05 to 0.43), a 48% 
increase relative to the control complier mean. The estimates for 
years 1–7 are approximately twice as large as the estimates in 
year 1, with positive but statistically insignificant effects in years 
2–4 and 5–7. The results are similar for the other measures of 
recidivism we consider. 

These point estimates are similar in magnitude to estimates 
found in the related literature. For instance, Mueller-Smith and 
Schnepel (2021) find that diversion cuts reoffending rates in half, 
and Agan, Doleac, and Harvey (2023) find that nonprosecution re- 
duces the likelihood of a new criminal complaint by 53%. Mueller- 
Smith, Pyle, and Walker (2023) find that adult conviction in- 
creases the total number of future felony charges by roughly 75%. 
Although our point estimates could be considered fairly large, the 
confidence intervals leave room for a wide range of values, as is 
typical for judge IV research designs. 

Our 2SLS estimates are similarly signed but substantially 
larger than the OLS estimates. However, the OLS estimates 
likely suffer from omitted variable bias. One important omitted 
variable is the strength of the evidence, which often consists pri- 
marily of witness testimony. Graef et al. (2024) show that wit- 
ness appearance in court is by far the most predictive factor in 
whether the defendant will be convicted. Thus, the sign of the bias 
in the OLS estimates depends in part on the relationship between 
witness appearance and the defendant’s risk of recidivism. These 
could be positively correlated if, for example, witnesses are more 
invested in securing punishment for high-recidivism defendants. 
Or they could be negatively correlated if, say, witnesses are scared 
of testifying against high-recidivism defendants. The fact that vic- 
tims and bystander witnesses often come from the same socioeco- 
nomic groups as defendants also suggests a negative correlation. 
The same factors that give someone a high-recidivism potential—
for example, poverty or social marginalization—may also make it 
harder for the witnesses to take time off work for a court date or 
make them less willing to cooperate with a system they distrust. 
If so, OLS estimates will be downward biased. 28 Alternatively, IV 

28. Witness cooperation is just one potential omitted variable among many 
that could bias the OLS estimates. For example, if people with skilled lawyers are 
both less likely to be convicted and to recidivate, OLS would be upward biased; 
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compliers may be more affected by conviction than the average 
defendant. In Online Appendix Table E.2 , we show that the racial 
composition of the complier group is similar to the overall sample, 
but on average this group is less likely to be in court for violent 
offenses and is less likely to have a prior conviction. Our OLS 
estimates for noncarceral conviction are somewhat larger when 
reweighting with complier weights, while the estimates for incar- 
ceration do not notably change (see Online Appendix Table E.3 ). 

We consider several mechanisms. Noncarceral conviction 
(relative to dismissal) could affect recidivism due to fines and 
probation conditions. However, a small but growing literature 
shows that court fines and fees do not affect recidivism ( Pager 
et al. 2022 ; Lieberman, Luh, and Mueller-Smith 2023 ; Finlay et 
al. 2024 ). Similarly, several large-scale RCTs have shown that 
probation and parole conditions do not affect recidivism ( Doleac 
2023 ). We therefore focus on asking whether our results are com- 
ing from an increase in criminal behavior or an escalation in 
subsequent responses by the criminal justice system (ratcheting 
up)—mechanisms discussed in Section II.B . Although we cannot 
answer this question definitively, we conduct two tests to provide 
suggestive evidence. 

First, if conviction makes it harder to find employment due 
to the mark of a felony record, we might expect to see a more 
pronounced increase in income-generating crime. We test for this 
in Online Appendix Table E.4 and find similar point estimates 
across income-generating and non-income-generating crime; the 
confidence intervals are too large to draw a firm conclusion. 29 Sec- 
ond, if the ratcheting-up effect is operative, conviction may have 
a larger effect on the more downstream measures of future crimi- 
nal justice contact, such as future conviction or incarceration. The 
logic here is that if a felony conviction increases the likelihood of a 
negative outcome at each discretionary stage, the negative effect 
of a conviction will accumulate. Downstream outcomes, like incar- 
ceration, will be affected more than upstream outcomes, like the 
charging decision. Comparing the three measures of recidivism 
in Table IV , the point estimates are larger relative to the control 
complier means for outcomes with more discretionary decisions, 
conversely, if those with untreated substance issues are less likely to be convicted 
but more likely to recidivate, OLS would be downward biased. 

29. Likewise, there are no consistent differential patterns for drug versus 
nondrug crimes, as shown in Online Appendix Table E.5 . 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/140/4/2907/8225750 by U

niversity of Pennsylvania user on 12 N
ovem

ber 2025

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf040#supplementary-data


CONVICTION, INCARCERATION, AND RECIDIVISM 2943

providing suggestive evidence that the ratcheting-up mechanism 
is present. 

Although we cannot conclusively say whether increased re- 
cidivism is driven primarily by increased criminal behavior or a 
ratcheting-up effect, both mechanisms imply that felony convic- 
tion contributes to the revolving door of criminal justice, increas- 
ing not just future charges and convictions but also future incar- 
ceration. 
IV.C. Incarceration 

Table V presents 2SLS estimates of the model analogous to 
those in equations (11) and (12) , but instrumenting for incarcer- 
ation with incarceration stringency and controlling for dismissal 
stringency. 

When given a causal and margin-specific interpretation, our 
2SLS estimates suggest a 10 percentage point reduction in fu- 
ture charges in the first year (95% CI: −0.15 to −0.04). This re- 
duction is likely due, at least partially, to incapacitation. We find 
no evidence that incarceration affects future criminal justice in- 
teractions beyond the first year. The 2–4-year and 5–7-year es- 
timates are small and statistically insignificant. The cumulative 
estimate across all seven years implies a 7 percentage point re- 
duction in new felony charges (95% CI: −0.19 to 0.05). We can 
reject increases in recidivism larger than 2.6 percentage points at 
the .05 level. Results are similar for future convictions and future 
incarceration. 

Our qualitative conclusions regarding incarceration effects 
are further strengthened by the fact that we find similar re- 
sults using another research design in the same institutional set- 
ting. We leverage the fact that judges’ sentencing decisions are 
influenced by sentence guidelines. The guidelines-recommended 
sentence is calculated using a scoring system in which various 
characteristics of the offense and criminal record are assigned 
points, which are then summed to create the sentence guidelines 
score. Exploiting two different discontinuities in the sentence 
guidelines recommendations in a regression discontinuity design 
framework, we estimate the effects of incarceration on the inten- 
sive margin (sentence length) and extensive margin (short jail 
sentences versus probation). As when exploiting quasi-random 
assignment of cases to judges, we find that incarceration leads 
to short-term decreases in criminal justice contact. We find no ev- 
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idence of longer-term effects of exposure to incarceration. We re- 
fer the reader to Online Appendix G for details on our empirical 
approach and findings. 

Our analysis has some limitations. First, incarceration may 
affect outcomes among subgroups that we are underpowered 
to detect ( Aizer and Doyle 2015 ; Mueller-Smith 2015 ; Jordan, 
Karger, and Neal 2023 ). Second, our empirical setting does not 
allow us to isolate the effects of long carceral sentences (e.g., 
5 or 10 years) versus noncarceral conviction. A higher “dosage”
of incarceration may have more impact. Third, some people 
with noncarceral convictions could have been incarcerated prior 
to trial and thus may have already experienced some incar- 
ceration, reducing the difference in carceral exposure between 
those incarcerated posttrial and those receiving noncarceral 
convictions. 

In a similar vein, some people who receive noncarceral con- 
viction become incarcerated in the future, either because of new 
criminal convictions or because of probation violations. The dif- 
ference in carceral exposure between these two groups thus be- 
comes smaller over time. However, our evidence suggests that 
there remains a substantial difference in exposure to incarcer- 
ation across these two groups. Online Appendix Figure E.2 shows 
how much “incarceration catch-up” occurs for those who receive 
noncarceral sentences compared with those who receive carceral 
sentences, both for new crimes and for technical violations re- 
sulting in probation revocation. These results suggest that while 
there is some catch-up, more than 50% of those receiving a 
noncarceral sentence are not incarcerated over the next seven 
years. 

Overall, the results from Sections IV.B and IV.C imply that 
incarceration’s influence on the revolving door is limited, while 
noncarceral conviction may hold greater importance. Our find- 
ings on the effects of incarceration align with the recent litera- 
ture review by Loeffler and Nagin (2022) . Most of the studies that 
find incarceration to be criminogenic are looking at pretrial de- 
tention, rather than postsentencing incarceration. Because pre- 
trial detention also increases the probability of conviction ( Gupta, 
Hansman, and Frenchman 2016 ; Leslie and Pope 2017 ; Dobbie, 
Goldin, and Yang 2018 ; Stevenson 2018 ), these studies are effec- 
tively estimating the joint effect of conviction and incarceration. 
In contrast, most studies evaluating the impact of post-conviction 
incarceration do not find evidence of effects lasting beyond the in- 
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capacitation period. In line with our findings, most studies find no 
evidence that it is an important contributor to the revolving door. 
IV.D. Robustness and Subgroup Analyses 

We provide a brief overview of robustness checks that we dis- 
cuss in more detail in Online Appendix E.1 . The results from the 
previous section are robust to the choice of sample restrictions 
and controls, as shown in Online Appendix Figures E.3 –E.6 . In 
particular, the results are similar when we drop specific crime 
types, for example, drug cases, for which diversion is more likely 
to happen than for other offenses. Online Appendix Figures E. 
3 –E.6 also show that the 2SLS estimates and standard er- 
rors remain similar when we more flexibly control for non-focal 
stringency. 30 Online Appendix Table E.9 shows that the results 
are robust to varying the definition of recidivism and considering 
counts of new offenses and charges. Online Appendix E.4 shows 
that the results are robust to correcting for measurement error 
in stringency using empirical Bayes methods. In addition, Online 
Appendix Figure E.7 demonstrates no differential mobility out of 
Virginia based on incarceration outcomes. 31 

To examine treatment-effect heterogeneity, we first break out 
the results based on whether a person has a prior felony convic- 
tion ( Online Appendix Table E.6 ), since avoiding a first felony 
conviction might play an especially pivotal role. We find that 
people without a recent felony conviction have large and sus- 
tained increases in recidivism as a result of a felony conviction. 
Yet we cannot reject that these estimates are equal to estimates 
for those with a recent felony conviction, for whom estimates are 
imprecise—likely because they make up only 20% of the sample. 
Sample size limitations again preclude conclusive inference about 
heterogeneity in the impacts of incarceration across those with 
and without a recent felony, although point estimates are similar 
for the two groups. 32 

30. See Online Appendix Table C.2 , which provides further robustness to the 
choice of controls. 

31. We are unable to study differential mobility out of Virginia due to con- 
viction, as less information about defendants is collected for cases ending in dis- 
missal, prohibiting linkage to data on out-of-state moves. 

32. We define our prior felony indicator as a prior felony within the past five 
years. Unlike Jordan, Karger, and Neal (2023) , who can isolate first felony convic- 
tions using age restrictions, our data does not include age. 
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We also explore heterogeneity across race and ZIP code in- 
come level. We provide more details in Online Appendix E.1 . 
We find qualitatively similar patterns across Black and non- 
Black defendants. We find suggestive evidence that the impacts 
of noncarceral conviction are larger for people living in ZIP codes 
with above-median poverty rates. Felony convictions might have 
greater consequences for poorer individuals, perhaps because con- 
victions block access to housing, employment, or public assis- 
tance. 
IV.E. Testing for and Characterizing Bias in the 2SLS Results 

In Section III.D , we showed that the 2SLS estimates may 
be asymptotically biased if the UPM assumption fails. Here we 
describe and implement an empirical test for this assumption. We 
use theory and external evidence to discuss the likely magnitude 
and direction of the bias in our setting. 

1. Testing the UPM Assumption. The UPM assumption has 
testable implications. If instrumental variation is only causing 
flows between two treatments, there should be no movement in 
or out of the third treatment. In our setting, this implies: 

(i) Under UPM( Zc | Zi ), the observable characteristics of those 
with T = i should not change when holding Zi constant and 
varying Zc . 

(ii) Under UPM( Zi | Zd ), the observable characteristics of 
those with T = d should not change when holding Zd con- 
stant and varying Zi . 

To build intuition for the first implication, consider those in- 
carcerated in the ordered model from Section III.C . When hold- 
ing incarceration stringency fixed, varying conviction stringency 
will move people between dismissal and conviction but will not 
move people into or out of incarceration. If the instruments are 
treatment specific, the observed characteristics of incarcerated 
individuals should not change. If the characteristics of incarcer- 
ated individuals do change, there must be flows into and out of 
incarceration, which implies that the instrument is moving peo- 
ple across more than one margin. More generally, this would im- 
ply that UPM( Zc | Zi ) is violated, as the UPM assumption plus 
stringency instruments (and Assumptions 1 –4 ) ensures compli- 
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ers move across only one margin. A similar argument holds for 
the second testable implication. 

These conditions allow us to adjudicate between models of 
judge decision-making introduced in Section III.C . In particular, 
(i) and (ii) must hold for the ordered model, and (ii) must hold for 
the sequential model. 

We implement our test using predicted recidivism: an index 
constructed by regressing recidivism on individual and case char- 
acteristics. 33 We test implication (i) by regressing predicted re- 
cidivism on the noncarceral conviction instrument, restricting the 
sample to those incarcerated and controlling for the incarceration 
instrument and court-by-time fixed effects. Similarly, we test im- 
plication (ii) by regressing predicted recidivism on the incarcera- 
tion instrument, restricting to the dismissed sample and control- 
ling for the dismissal instrument and court-by-time fixed effects. 
Table VI reports the results, where Panel A presents tests for (i) 
and Panel B tests for (ii). 34 Online Appendix Table E.10 shows re- 
sults for both tests using specific defendant characteristics (crim- 
inal record, offense type, and demographics) instead of predicted 
recidivism. 

Using the predicted recidivism index, we reject UPM( Zc | 
Zi ) and UPM( Zi | Zd ), which means we reject both the ordered 
and sequential models. For (i), we find that predicted recidivism 
for the incarcerated group increases with the judge’s conviction 
propensity, holding incarceration propensity constant. For (ii) we 
find that the predicted recidivism for the dismissed group de- 
creases with the judge’s incarceration propensity, holding fixed 
the dismissal propensity. These results suggest the UPM assump- 
tion does not hold in our setting, so our 2SLS estimates are po- 
tentially asymptotically biased. 

33. Predicted recidivism variables are created by regressing recidivism post- 
release if incarcerated, or post-conviction/dismissal otherwise, on offense type, so- 
ciodemographic controls, and month, court, and day-of-the-week fixed effects. Us- 
ing these regressions, we construct measures of predicted recidivism within one 
year, two to four years, five to seven years, and within seven years after case dis- 
position. 

34. When implementing this test, we are maintaining other assumptions we 
make throughout the article, such as the assumption that judge stringencies do 
not idiosyncratically depend on defendant characteristics and CPM. Results are 
similar when including flexible controls for the other stringency measure. 
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TABLE VI 
TESTING FOR TREATMENT SPECIFICITY 

Predicted recidivism 
Year 1 Years 2–4 Years 5–7 Years 1–7 

Panel A: UPM (Zc | Zi ) , ordered model 
Conviction stringency ( Zc ) 0.013∗∗∗ 0.030∗∗∗ 0.024∗∗∗ 0.048∗∗∗

(0.0039) (0.0092) (0.0072) (0.014) 
Mean dep. var. 0.093 0.202 0.153 0.346 
N 100,152 100,152 100,152 100,152 

Panel B: UPM (Zi | Zd ) , sequential and ordered model 
Incarceration stringency ( Zi ) −0.012∗∗∗ −0.026∗∗ −0.020∗∗ −0.041∗∗

(0.0044) (0.010) (0.0082) (0.017) 
Mean dep. var. 0.090 0.183 0.138 0.320 
N 28,589 28,589 28,589 28,589 
Notes. This table tests for treatment specificity following the method outlined in Section IV.E . For Panel A, 

we restrict to the incarcerated sample and regress predicted recidivism on conviction stringency, controlling 
for incarceration stringency and court-by-time fixed effects. For Panel B, we restrict to the dismissed sample 
and regress predicted recidivism on incarceration stringency, controlling for dismissal stringency and court- 
by-time fixed effects. Predicted recidivism variables are created by taking the fitted values from a regression 
of recidivism after release on controls for demographics, charge, criminal record, and month, year-by-court, 
court-by-month, and day-of-week fixed effects. Standard errors are shown in parentheses and are clustered 
at the judge-year level. ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01. 

2. Sign and Magnitude of Asymptotic Bias. Proposition 1 
states that when UPM does not hold (but Assumptions 1 –4 and 
CPM do), 2SLS estimands will be positively weighted averages 
of the Wald estimands in equation (9) . Here we demonstrate how 
the expression in equation (9) can be combined with theory and 
external evidence to reason about the direction and magnitude of 
bias in 2SLS estimands. We consider each margin of interest sep- 
arately. Throughout this discussion, we assume that CPM holds, 
as it does in the three judge decision-making models we consid- 
ered. We also assume Assumptions 1 –4 hold. 

i. Noncarceral Conviction Versus Dismissal. For simplicity, 
we discuss the bias term in the context of the special case where 
two judges have the same incarceration rate but differing rates 
of noncarceral conviction. In this case, equation (9) shows that 
the bias term in the Wald estimand is less than but proportional 
to )Yi −Yc 

d→ i − )Yi −Yc 
i → c , which is the difference in the impact of incar- 

ceration versus conviction between those near the incarceration- 
dismissal margin and those near the incarceration-conviction 
margin. This allows us to reason about the bias’s sign and magni- 
tude based on how incarceration may affect recidivism differently 
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for these groups, compared with conviction. We separately con- 
sider the long- and short-run effects—with “long-run” referring 
to the post-incapacitation period. 

Table VI shows that the average predicted recidivism rate 
among the incarcerated group increases in response to increas- 
ing Zc while controlling for Zi . This pattern suggests that indi- 
viduals shifting from dismissal to incarceration exhibit higher 
predicted recidivism rates than those shifting from incarcera- 
tion to conviction. This finding aligns with reasonable expecta- 
tions about case characteristics close to the different decision 
margins. Cases near the incarceration-dismissal margin likely in- 
volve defendants with serious charges or extensive criminal his- 
tories (“high severity” cases), who would be incarcerated if suf- 
ficient evidence existed for conviction. In contrast, cases at the 
incarceration-conviction margin typically involve lower severity 
offenses but with stronger evidentiary support. Since criminal 
history is among the strongest predictors of recidivism, these 
high-severity cases at the incarceration-dismissal margin would 
likely present higher recidivism risk, consistent with our empir- 
ical bias test results. If, in the short run, incarceration affects 
recidivism primarily through incapacitation, then shifting prison 
beds toward people at a higher risk of recidivism will reduce re- 
cidivism ( )Yi −Yc 

d→ i < )Yi −Yc 
i → c ). In this case, the bias term in equation 

(9) is negative. 
However, the magnitude of the composition change shown in 

Table VI is relatively small: a 10 percentage point increase in non- 
carceral conviction stringency increases one-year predicted re- 
cidivism among the incarcerated group by 0.1 percentage points. 
This suggests that either the proportion of i → c compliers is 
small or the two groups have similar observable characteristics 
and therefore potentially similar treatment effects. Both would 
imply that the magnitude of the bias is small. 

Turning to the long run (the post-incapacitation period), if 
incarceration only has incapacitation effects, then the impact 
of incarceration versus conviction is zero after the incapacita- 
tion period. In that case, the 2SLS estimates are asymptotically 
unbiased. Several pieces of evidence indicate that incarceration 
may not affect recidivism beyond the incapacitation period. In 
our setting, using an alternative research design, the regression- 
discontinuity evidence presented in Section IV.C demonstrates 
that incarceration reduces recidivism only in the short run (for 
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a duration approximately matching the incapacitation period) 
among individuals on the margin of conviction and incarcer- 
ation. This finding aligns with broader U.S. evidence, where 
most studies conclude that the impact of post-conviction incar- 
ceration on recidivism is negligible ( Loeffler and Nagin 2022 ; 
Garin et al. 2025 ). 

Although this evidence suggests limited effects beyond inca- 
pacitation, incarceration could theoretically influence recidivism 
through other channels. For instance, Jordan, Karger, and Neal 
(2023) finds that prison may serve as a stronger post-release de- 
terrent for people with fewer prior convictions. These individu- 
als, who likely have a lower propensity to recidivate, are dispro- 
portionately represented near the incarceration-conviction mar- 
gin compared to the incarceration-dismissal margin. 35 In such 
cases, )Yi −Yc 

d→ i > )Yi −Yc 
i → c , potentially introducing positive bias. How- 

ever, two key findings in our setting suggest this upward bias 
is unlikely. First, our analysis reveals no evidence of heteroge- 
neous treatment effects of incarceration by prior conviction sta- 
tus (Panel B of Online Appendix Table E.6 ), although these es- 
timates lack precision. Second, as established earlier, the pre- 
ponderance of empirical evidence (including evidence from our 
own empirical context) indicates that the post-incapacitation 
effects of incarceration versus conviction on recidivism are 
negligible. 

Overall, the arguments suggest that a violation of UPM 
would likely result in a modest negative bias in our 2SLS esti- 
mates of noncarceral conviction effects in the short run, with neg- 
ligible bias in the long run. Hence, it is unlikely that our quali- 
tative conclusions about the impact of noncarceral conviction ver- 
sus dismissal would be overturned as a result of a violation of the 
UPM assumption. 

ii. Incarceration Versus Noncarceral Conviction. As before, 
we discuss bias in the context of the simple case where two judges 
have the same noncarceral conviction rate but differing rates of 
incarceration. A derivation similar to the proof of Proposition 1 
shows that the bias term for the impact of incarceration will be 
smaller than but proportional to )Yc −Yd 

d→ i − )
Yc −Yd 
c → d , and zero in the 

absence of d → i compliers. As evidenced by the results of our em- 
35. Our implementation of test (i) using prior convictions instead of predicted 

recidivism reveals that c → i compliers have a lower prior conviction rate than 
d → i compliers ( Online Appendix Table E.10 ). 
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pirical test, cases near the incarceration-dismissal margin have 
higher predicted recidivism (they are “high-severity” cases) than 
those on the conviction-dismissal margin. 

Thus, to evaluate the bias for our estimates of the impact 
of incarceration versus conviction, we need to know whether a 
felony conviction (versus dismissal) will affect recidivism more 
for high-severity cases than for low-severity cases. One possi- 
bility is that a felony conviction increases recidivism more for 
low-severity cases, which seems reasonable because low-severity 
cases are less likely to have a prior felony on their criminal 
record and the first felony conviction is likely to have greater 
marginal impact than subsequent ones. If this conjecture is true, 
the bias term would be negatively signed. However, we find 
no discernible difference in the impact of conviction versus dis- 
missal across crime types or priors ( Online Appendix Tables E.4 –
E.6 ). In addition, the compositional changes shown in Table VI 
and Online Appendix Table E.10 are relatively small. If the 
compositional shifts are minimal, then either the proportion of 
d → i compliers is small, or the c → d and d → i compliers 
have similar observable characteristics. In the first case, the 
bias would also be small. In the latter case, the bias would be 
small if similar predicted recidivism implies similar treatment 
effects. 

V. AN ALTERNATIVE APPROACH TO IDENTIFYING AND 
ESTIMATING MARGIN-SPECIFIC TREATMENT EFFECTS 

In Section IV , we found that our empirical test rejects the 
UPM assumption. Although we argued that the bias resulting 
from a violation of UPM is likely small given the specifics of our 
setting, this section explores alternative approaches based on as- 
sumptions that are not rejected by our test. This exercise serves 
as a robustness check on our qualitative conclusions and as a 
proof of concept for other researchers studying settings where ex- 
amination of the expression in Section III.D raises more substan- 
tial concerns about bias. 

Below we present a method for identifying margin-specific 
treatment effects in unordered-choice settings. This approach 
does not require judge stringencies to satisfy UPM, nor does it 
place restrictions on treatment-effect heterogeneity. Rather, we 
build on the approach in Mountjoy (2022) , adopting the under- 
lying assumptions. Furthermore, since this approach requires 
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treatment-specific instruments, we suggest several alternative 
assumptions that can be used to construct such instruments. 
V.A. Recovering Treatment-Specific Instruments 

Equation (7) sets up the unordered-choice model and defines 
judge-specific thresholds ( πc and πi ), which are treatment-specific 
instruments if they can be exogenously varied while holding the 
other threshold fixed. The thresholds are not directly observed, 
but we observe the shares of cases ending in dismissal, convic- 
tion, and incarceration for each judge. We aim to recover πc and 
πi from the observed shares. Our setup has similarities to mod- 
els in industrial organization where product shares are observed 
for different markets. 36 We therefore leverage identification re- 
sults from the industrial organization literature and adapt them 
to our context of judge decision-making. Berry, Gandhi, and Haile 
(2013) outline assumptions under which thresholds can be in- 
verted from shares, and Berry and Haile (2024) show that judge- 
specific thresholds can be identified without invoking identifica- 
tion at infinity arguments. 37 

While these papers show that the thresholds are nonpara- 
metrically identified, we make additional parametric assump- 
tions for tractability in estimation and show that the results are 
broadly similar under a set of parametric assumptions. 38 Our 
main specification assumes the unobserved shocks are each the 
sum of a shock with a standard logistic distribution and a ran- 
dom effect with a correlated multivariate normal distribution ( η
and ε in the equation below). We can write the returns in the 

36. Unlike many applications in the industrial organization literature, our 
setting features quasi-random assignment of cases to judges, implying that the 
judge thresholds ( πc (Zc , Zi ) and πi (Zc , Zi ) ) are independent of the characteristics 
of the case ( Vc and Vi ). 

37. Applying Berry and Haile (2024) ’s identification argument to our setting 
requires the existence of three continuous covariates whose loadings do not vary 
across judges. See Online Appendix F.1 for details. Kamat, Norris, and Pecenco 
(2024) provide a partial identification strategy that does not require such condi- 
tions on covariates but uses a sequential model combined with a “latent mono- 
tonicity” assumption, and recovers bounds rather than point estimates. 

38. Making additional parametric assumptions for estimation is common and 
often necessary in this literature. See Berry and Haile (2024) for a detailed dis- 
cussion. 
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unordered-choice model as 
Rnc j = βc − π j 

c + γ ′ 
c Xn + ηnc + εnc 

Rni j = βi − π
j 

i + γ ′ 
i Xn + ηni + εni , 

where n represents the case, c and i indicate conviction or incar- 
ceration, j the judge, Xn are characteristics about the defendant 
or case, and Rnc j and Rni j represent the returns to a specific out- 
come for a specific case assigned to judge j. We assume f (εnc , εni ) 
has a standard logistic distribution and g(ηnc , ηni ) + N(0 , ,) . 39 

We estimate the model by judicial circuit and three-year bin, 
which allows the model parameters to differ across circuits and 
over time. We use the estimated model parameters to recover es- 
timates of π c 

j and π i 
j . 

V.B. Recovering Margin-Specific Effects 
We refer to the newly constructed treatment-specific 

instruments—the estimated judge-specific thresholds—as ˜ Zc and 
˜ Zi , to distinguish them from the stringency instruments Zc and 
Zi . 

Even with treatment-specific instruments, 2SLS estimands 
are difficult to interpret, as they are weighted averages of treat- 
ment effects that correspond to different margins, as visualized 
in Figure III , Panel C. In our context, shifting from ˜ zc to ˜ z′ 

c while 
holding ˜ Zi fixed would yield a weighted average of the LATE 
for i → c compliers and the LATE for d → c compliers. The cen- 
tral objective of Mountjoy (2022) is to decompose the 2SLS esti- 
mand, obtained using a treatment-specific instrument, into two 
treatment-specific components. 

We closely follow Mountjoy (2022) in estimating the im- 
pacts on the two margins discussed above. This method relies on 
Assumptions 1 –4 , defined for ˜ zc and ˜ zi , plus one additional as- 
sumption: comparable compliers. This assumption requires that 
the i → c compliers from decreasing ˜ zi have the same poten- 
tial outcome when convicted as i → c compliers from increas- 
ing ˜ zc at their limits (see Online Appendix F for a formal def- 
inition). Under this set of assumptions, Mountjoy (2022) shows 
how to identify and estimate E[ Y (c ) − Y (d) | d → c complier with 

39. We also consider two alternative specifications that are less flexible but 
easier to implement: (i) no random effect and the unobserved shocks follow stan- 
dard logistic distributions, and (ii) , is a diagonal matrix. 
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respect to ( ˜ zc , ˜ zi ) → ( ˜ z′ 
c , ˜ zi )] and E[ Y (i ) − Y (c ) | i → c complier 

w.r.t ( ˜ zc , ˜ zi ) → ( ˜ z′ 
c , ˜ zi )] . We follow Mountjoy (2022) in our approach 

and provide additional details in Online Appendix F . 
Although we do not invoke the UPM assumption in this sec- 

tion, we introduce additional assumptions in the construction 
of treatment-specific instruments and in estimating treatment- 
specific effects. 40 The assumptions we consider in this section are 
not necessarily weaker or stronger than those supporting a causal 
interpretation of the 2SLS estimates. 
V.C. Results 

Table VII , Panel A reports estimates for the noncarceral con- 
viction versus dismissal margin. The point estimates are similar 
to the 2SLS estimates reported in Section IV , with smaller and 
less precise estimates for year 1 but very similar longer-run esti- 
mates. For example, the 2SLS estimate for a future felony charge 
within the first seven years is 0.235 (95% CI: 0.05–0.43), and the 
estimate from this alternative approach is 0.240 (95% CI: 0.06–
0.45). For 10 of the 12 estimates, the 2SLS estimates fall within 
the confidence interval of the new estimates. Panel B reports es- 
timates for the incarceration versus noncarceral conviction mar- 
gin. Again, these results are similar to the 2SLS estimates, with 
somewhat smaller estimates in year 1. 41 

Overall, the 2SLS estimates and the estimates based on this 
alternative approach tell a similar story: noncarceral conviction 
increases future criminal justice contact in the long run, while for 
incarceration the evidence only supports short-term incapacita- 
tion effects. 

VI. CONCLUSION 
We study the role of noncarceral conviction in driving fu- 

ture criminal justice contact, and compare it with the role of in- 
carceration. Our analyses consistently demonstrate that noncar- 
ceral conviction increases future criminal justice contact (relative 

40. For identification, we assume the unordered model, “comparable compli- 
ers,” and the existence of additive covariates whose loadings do not vary across 
judges. For estimation, we also make distributional assumptions about the error 
terms. 

41. We include additional results under the two alternative assumptions out- 
lined in footnote 39 in Online Appendix Tables F.1 and F.2 . 
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TABLE VII 
MARGIN-SPECIFIC TREATMENT EFFECTS: AN ALTERNATIVE APPROACH 

Mixed logit with correlated normal random effects 
Year 1 Years 2–4 Years 5–7 Years 1–7 

Panel A: Noncarceral conviction versus dismissal (C versus D) 
Felony charge 0.058 0.197∗∗∗ 0.142∗∗ 0.240∗∗∗

[ −0.021, 0.145] [0.084, 0.362] [0.014, 0.285] [0.064, 0.447] 
{0.074} {0.144} {0.130} {0.308} 

Felony conviction 0.068∗ 0.211∗∗∗ 0.120∗∗ 0.293∗∗∗

[ −0.006, 0.150] [0.089, 0.336] [0.012, 0.241] [0.125, 0.487] 
{0.062} {0.119} {0.128} {0.254} 

Felony incarceration 0.049 0.139∗∗ 0.074 0.193∗∗

[ −0.011, 0.110] [0.023, 0.266] [ −0.017, 0.168] [0.033, 0.376] 
{0.057} {0.101} {0.095} {0.241} 

Panel B: Incarceration versus noncarceral conviction (I versus C) 
Felony charge −0.043∗∗∗ 0.035 −0.002 −0.034 

[ −0.075, −0.008] [ −0.021, 0.093] [ −0.061, 0.056] [ −0.117, 0.057] 
{0.084} {0.168} {0.141} {0.330} 

Felony conviction −0.035∗∗ 0.028 0.008 −0.030 
[ −0.065, −0.006] [ −0.033, 0.082] [ −0.048, 0.062] [ −0.116, 0.057] 

{0.075} {0.156} {0.124} {0.306} 
Felony incarceration −0.012 0.043∗ 0.007 −0.035 

[ −0.039, 0.013] [ −0.006, 0.094] [ −0.041, 0.054] [ −0.120, 0.048] 
{0.054} {0.104} {0.095} {0.238} 

Controls Yes Yes Yes Yes 
Notes. This table reports margin-specific estimates of the impact of noncarceral conviction 

versus dismissal (Panel A) and incarceration versus noncarceral conviction (Panel B) using an 
unordered multinomial model based on the methodology developed in Mountjoy (2022) . The 
treatment-specific instruments are recovered as described in Section V.A using a mixed-logit 
specification for the choice model where the intercept includes a correlated multivariate nor- 
mal random effect and controls for female and Black indicators, an indicator for whether any 
charges are for violent crimes, an indicator for whether any charges are for property crimes, 
and an indicator for whether any charges are for drug crimes, the number of charges, the 
time since last offense, and the number of misdemeanor charges associated with the case. 
The mixed logit is fit by circuit and three-year time window. To align with our other analyses, 
we drop windows in which judges see fewer than 100 cases. For a small number of windows, 
the mixed-logit estimation does not converge; these are excluded from our analysis. The re- 
covered treatment-specific instruments are winsorized at the 0.1st and 99.9th percentile to 
handle a small number of outliers. We then use the recovered treatment-specific instruments 
in the method developed by Mountjoy (2022) , where we include the same controls plus cir- 
cuit and year fixed effects. The curly brackets report control-group complier means. In the 
top panel, this is the mean outcome for compliers whose cases were dismissed, while for the 
bottom panel, it is for those convicted but not incarcerated. Ninety-five percent confidence 
intervals are reported in brackets and are based on 500 bootstrap samples. ∗ p < .10, ∗∗ p < 
.05, ∗∗∗ p < .01 based on the 90%, 95%, and 99% confidence intervals. 
to dismissal). In contrast, our analysis of incarceration (relative 
to noncarceral conviction) only finds evidence for a shorter-term 
decrease in recidivism, which coincides with the typical period 
of incapacitation. While our findings support the existence of a 
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revolving door effect in the criminal justice system, it primar- 
ily operates through the channel of noncarceral conviction rather 
than through incarceration. 

We discuss methodological challenges stemming from multi- 
ple treatment alternatives in the commonly used random judge 
research design. We develop an empirical framework for inter- 
preting 2SLS estimands using judge-stringency instruments un- 
der heterogeneous treatment effects. We provide assumptions 
that allow the estimands to be interpreted as causal and margin 
specific. In particular, we show that requiring judge instruments 
to be treatment specific is sufficient (in addition to straightfor- 
ward extensions of exclusion, random assignment, relevance, and 
rich controls). We characterize models of judge decision-making 
that are consistent with treatment specificity and propose an 
empirical test for this assumption. For cases where treatment 
specificity fails, we derive an expression for the asymptotic bias, 
enabling researchers to assess the likely direction and magni- 
tude of bias using features of the institutional setting, theoret- 
ical arguments, or prior empirical evidence. Finally, we propose 
and implement an empirical approach that allows us to iden- 
tify causal and margin-specific treatment effects under an al- 
ternative set of assumptions that does not include treatment 
specificity. 

Several policy approaches could reduce either the frequency 
of felony convictions or their lasting effects. The number of 
felony convictions could be reduced by expanding felony diver- 
sion programs, decriminalizing certain offenses, or downgrad- 
ing certain charges to misdemeanors. To diminish the impact 
of existing felony convictions, policymakers could limit the ac- 
cessibility or permissible uses of criminal records. For instance, 
limiting how long criminal records are publicly available could 
mitigate the employment effects of having a criminal record, 
potentially reducing recidivism by increasing formal employ- 
ment options ( Cullen, Dobbie, and Hoffman 2023 ). Likewise, 
reducing automatic escalations in the penal system, such as 
charge upgrades or sentence enhancements for those with a prior 
felony conviction, could mitigate the impact of a criminal record 
( Rose 2021 ). 

Our analysis suggests that such reforms could help address 
the penal system’s revolving door problem. While other policy con- 
siderations remain relevant—including deterrence of criminal be- 
havior or legitimate uses of felony conviction records in hiring 
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decisions and sentencing—the scale of felony convictions in the 
United States demands careful attention to their downstream ef- 
fects. With an estimated 8% of adults and 33% of Black adult men 
holding felony conviction records ( Shannon et al. 2017 ), the im- 
pact of these convictions on future criminal justice contact should 
be an important part of policy discussions. 

SUPPLEMENTARY MATERIAL 
An Online Appendix for this article can be found at The 

Quarterly Journal of Economics online. 
DATA AVAILABILITY 

The data underlying this article are available in the Harvard 
Dataverse, https://doi.org/10.7910/DVN/4EXGTC ( Humphries 
et al. 2025 ). 
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