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Abstract

Using newly linked administrative and commercial data from Virginia spanning 25 years, we study
the consequences of incarceration. We provide new evidence on the effects of incarceration on labor
market outcomes and recidivism. We also study two of the primary channels through which low-
income households build wealth: asset ownership and human capital formation. In our sample of
felony defendants, we find that 16% are ever homeowners, while at least 8% have ever enrolled in
college. To identify causal effects, we use a matched difference-in-differences design. We find no evi-
dence of scarring effects on labor market outcomes or changes in recidivism beyond the incapacitation
period. However, incarceration leads to a persistent reduction in asset accumulation: seven years
after sentencing, homeownership has declined by 1.2 percentage points (13.2%) and a car ownership
proxy measure has declined by 2.7 percentage points (18.1%). Incarceration also lowers human capital
formation, reducing the likelihood of college enrollment by 1.6 percentage points (17.4%).
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1 Introduction

Nearly two million people are incarcerated in the United States, and 3% of adults, including 15%
of Black men, have served time in prison (Shannon et al., 2017; Walmsley, 2023). A large quasi-
experimental literature studies the consequences of incarceration for recidivism and a more limited
one looks at employment and earnings. For the United States, most of this work nds that the

e ects are temporary: recidivism, employment, and earnings decline while a person is incarcerated
and converge to the levels of comparable defendants who were not incarcerated within a few years
of release (Kling, 2006; Loe er, 2013; Harding et al., 2018; Loe er and Nagin, 2022; Garin et al.,
2025)1

These conclusions rest on ow outcomes observed in administrative data: new charges, employ-
ment, earnings. Two features of such outcomes limit what they reveal about long-run economic
consequences. First, many justice-involved individuals have limited attachment to the formal labor
market (Pettit and Western, 2004; Western, 2006; Looney and Turner, 2018), and those who work
often do so in informal arrangements that do not appear in earnings records (Western, 2018). For this
group, administrative employment data are less informative about economic circumstances. Second,
employment and earnings are not the only channels through which incarceration can a ect a house-
hold's long-run economic position. Two of the primary channels through which low-income households
build wealth are asset ownership and human capital formation. We study these alongside employ-
ment, earnings, and recidivism, measuring ownership of durable assets, namely homes and cars, and
post-secondary education. Both depend in part on earnings, but how they are impacted by incarcer-
ation cannot be inferred from earnings e ects: purchasing a home requires accumulated savings and
involves substantial transaction costs, and college enrollment is concentrated early in life, so even a
modest and temporary interruption can delay either investment for years or forestall it entirely. Re-
duced asset ownership and educational attainment matter for long-run outcomes because both persist
and yield returns over the life cycle: homeownership is durable and is the principal vehicle of wealth
accumulation for low- and middle-income households (Kuhn et al., 2020), and educational attainment
raises earnings and improves health (Heckman et al., 2018). E ects on these durable investments are
thus informative about long-run consequences of incarceration in a way that employment and earnings
records may not be. Whether incarceration a ects them is largely unknown, because data on asset
ownership among low-income and justice-involved populations are scarce.

Most prior studies of asset ownership and wealth among the justice-involved have used survey
data (Maroto, 2015; Sykes and Maroto, 2016; Zaw et al., 2016; Turney and Schneider, 2016; Maroto
and Sykes, 2019). These studies consistently document that criminal justice contact is negatively
correlated with wealth and that wealth declines after incarceration. However, the surveys include
small numbers of incarcerated individuals? and attrition, recall problems, and misreporting introduce

Mueller-Smith (2015) is a notable exception, nding persistent e ects on both recidivism and labor market outcomes.
The evidence also di ers in Europe; for example, Bhuller et al. (2020) nd that incarceration reduces recidivism in Norway.
2For instance, samples drawn from the National Longitudinal Survey of Youth 79 and 97 and the Survey of Income and



measurement error (Meyer et al., 2015; Dutz et al., 2021§. Two quasi-experimental papers examine
related nancial outcomes. Avenancio-Leon and Aneja (2021) show that incarceration lowers credit
scores, one channel through which it could a ect subsequent homeownership, and Slutzky and Xu
(2025) nd that pretrial detention increases bankruptcy and foreclosure when house prices are falling,
consistent with a liquidity shock whose consequences depend on whether owners have equity to sell.
Neither studies asset ownership directly. We address this gap by linking administrative and commercial
data to construct a 25-year panel on criminal justice interactions, employment, college enrollment, and
home and car ownership for people convicted of a felony in Virginia. We use these data to estimate
how incarceration a ects durable asset accumulation and human capital formation, and we provide
new estimates of its e ects on formal employment, earnings, and recidivism. Together, these margins
are relevant for a meaningful share of this population. During the twelve years around sentencing,
16% of defendants in our main sample have a homeownership record, 18% a car ownership record,
and 8% a college enrollment record; a third have at least one (Appendix Table C.6).

We implement a di erence-in-di erences design after matching on o ense type and sentencing score
(an index of o ense severity and prior criminal record), focusing on defendants who are convicted of
a felony for the rst time and recommended for prison based on their scoré. The treatment group in
our main analysis consists of individuals sentenced to incarceration (with an average sentence length of
15.6 months), while the comparison group includes those who are convicted and receive non-carceral
sanctions. We provide separate estimates for individuals with longer sentences and for individuals
with prior felony records.

Our analysis yields three main ndings. First, incarceration has persistent e ects on asset own-
ership. Seven years after sentencing, incarceration reduces homeownership by 1.2 percentage points
(13.2%, relative to the treatment group mean in the year before sentencing) and a car ownership
proxy by 2.7 percentage points (18.1%). These e ects develop gradually, with no evidence of recovery.
The reduction in homeownership operates through two channels: among those who owned a home
before sentencing, incarceration reduces homeownership by approximately 6 percentage points, and
among those who never owned, it reduces the likelihood of acquiring a home by 0.7 percentage points.
Estimates at the household level are very similar to those at the individual level, indicating that the
decline in ownership is not o set by transfers to other household members, and that ownership among
other members is una ected.

Second, incarceration reduces human capital accumulation, lowering the likelihood of having any
college enrollment by 1.6 percentage points (17.4%) seven years after sentencing. Because this measure

Program Participation used in Maroto (2015), Sykes and Maroto (2016), Zaw et al. (2016) and Maroto and Sykes (2019)
each include fewer than 400 individuals who were incarcerated.

3Turney and Schneider (2016) use data from the Fragile Families and Child Wellbeing Study, but discard a third of the
sample due to non-response. The analysis does not adjust for di erential attrition, which is likely given that \recent parental
incarceration,” the main explanatory variable, occurs between survey waves that are only two years apart.

4Matching on these variables means that the parallel trends assumption need only hold conditional on o ense type and
sentencing score, which allows counterfactual trends to di er across o enses and scores. We nd that matching on fewer or
additional covariates does not meaningfully alter results (Section 6.3).



is cumulative, the e ect re ects enrollment forgone after sentencing rather than credentials lost. Prior
research suggests that tertiary education is an important determinant of long-term earnings, even
when it consists only of community college or college credits without a degree (Kane and Rouse, 1995;
Jepsen et al., 2014; Giani et al., 2020), and that it has returns beyond the labor market (Heckman et
al., 2018), so the reduction in enrollment could have lasting consequences.

Third, incarceration causes only temporary declines in recidivism, employment, and earnings. Even
for longer sentences (4{7 years), we nd no evidence of persistent post-release labor market declines.
Taken together, our ndings show that hindrances to asset ownership and human capital formation
persist even though labor market outcomes recover on average. These are average e ects estimated
separately for each outcome; because we do not characterize their joint distribution within individuals,
we do not interpret the persistent e ects as necessarily arising despite labor market recovery for the
same people.

The key identifying assumption for our main analysis is parallel trends in average potential out-
comes in the absence of incarceration, conditional on o ense type and sentencing score. The sentenc-
ing score summarizes the information that legal decision-makers prioritize, so matching on it reduces
concerns that sentences are determined by the same unobservables that determine future outcome tra-
jectories. Outcome trends are parallel prior to sentencing and prior to the o ense (Section 5), which
is di cult to reconcile with an unobserved shock that in uences both o ending and our outcomes of
interest. A remaining threat is an adverse shock concurrent with sentencing that correlates with both
incarceration and outcome trends. Such a shock would have to generate short-term declines in ow
variables like recidivism and employment but long-term declines in stock variables like homeownership.
The pattern we nd is more consistent with a large but temporary disruption to economic activity,
like incarceration, than with adverse life events such as job loss or interpersonal violence, which prior
literature shows have more persistent e ects on employment and crime (Jacobson et al., 1993; Rose,
2018; Bennett and Ouazad, 2020; Bindler and Ketel, 2022).

By construction, the matched design's comparison group consists largely of defendants whom
judges declined to incarcerate despite a recommended prison sentence. If judges extend such leniency
to defendants with better expected economic trajectories, our estimates would overstate the harms of
incarceration. We therefore construct an alternative comparison that relies less on judicial discretion:
non-incarcerated defendants scoring just below a sentencing guidelines threshold versus incarcerated
defendants scoring just above it. Below the threshold, the recommended sentence is typically non-
carceral or a short jail term, and above it a longer prison term. The design trades a one-point di erence
in sentencing scores, and thus slightly weaker balance on observables, for treatment variation driven
in part by the guidelines discontinuity. Judicial discretion is not fully removed, since we still condition
on no incarceration below the threshold and a carceral sentence above it. But the incarceration
contrast across the threshold likely re ects the guidelines more than judges' assessments of individual
defendants. Estimates from this design are close to our main estimates, suggesting that selective
leniency toward defendants with improving economic prospects does not drive our results.



Our ndings suggest that incarceration has lasting consequences for two of the primary channels
through which low-income households accumulate wealth, even though its e ects on employment and
earnings are temporary. Homeownership has particular nancial signi cance for such households:
housing o ers higher returns than traditional savings and preferential tax treatment, can serve as a
commitment device for saving (Bernstein and Koudijs, 2024), and, though less liquid than other assets,
can be re nanced to weather nancial shocks (Lovenheim, 2011; Ganong et al., 2023). Losing a home
entails substantial transaction costs and can damage credit scores (Diamond et al., 2020). Housing
also plays an important role in the intergenerational transmission of economic resources (Daysal et
al., 2023; Derenoncourt et al., 2023; Benetton et al., 2024; Binder et al., 2024) and mediates access
to stable shelter and to neighborhoods that a ect children's outcomes (Chetty and Hendren, 2018a,b;
Andrews et al., 2017), so disruptions to homeownership may have consequences beyond the directly
a ected individual. Car ownership captures both asset accumulation and durable consumption, as well
as access to employment not easily reachable by public transit. We provide suggestive evidence that
homes owned by people with felony convictions are not especially poorly-performing assets: among
homeowners in our sample, property values track broader Virginia trends, albeit at lower levels.

We contribute to the literature on how incarceration a ects economic trajectories, which has fo-
cused on recidivism and, to a lesser extent, labor market outcomes. We complement this work in
three ways. First, we provide quasi-experimental evidence on how incarceration a ects the accumu-
lation of durable investmentsjhomeownership, car ownership, and college education|in addition to
ow variables like employment or recidivism. Second, because asset ownership and formal employment
are concentrated among di erent people in our sample, the expanded set of outcomes captures e ects
on a broader segment of the justice-involved population, including those who own homes or cars but
do not appear in earnings records. Third, we add to the small set of quasi-experimental studies of
labor market outcomes and recidivism in the United States, providing estimates from a new setting
and empirical strategy as well as some of the rst evidence that even longer sentences .5 years) do
not lead to lasting reductions in employment or earnings relative to conviction without incarceration.
Methodologically, our paper joins a small but growing literature that uses di erence-in-di erences and
event study designs to study incarceration (Norris et al., 2024; Bhuller et al., 2025), complementing
the judge instrumental variable and regression discontinuity approaches that have dominated quasi-
experimental work in this area (Kling, 2006; Aizer and Doyle, 2015; Mueller-Smith, 2015; Dobbie et
al., 2018; Rose and Shem-Tov, 2021; Garin et al., 20259).Our identifying assumptions concern parallel

5Kling (2006); Lalonde and Cho (2008); Hjalmarsson (2009); Cox (2011); Kuziemko (2013); Loe er (2013); Aizer and
Doyle (2015); Mueller-Smith (2015); Gupta et al. (2016); Leslie and Pope (2017); Estelle and Phillips (2018); Harding et al.
(2018); Dobbie et al. (2018); Stevenson (2018); Franco et al. (2020); Bhuller et al. (2020); Craigie (2021); Jordan et al. (2025);
Hjalmarsson et al. (2024); Garin et al. (2025). Recent papers have also considered how incarceration a ects the health of
those incarcerated (Hjalmarsson and Lindquist, 2022; Norris et al., 2024; Bhuller et al., 2025) and spillover e ects on children
(Bhuller et al., 2018; Arteaga, 2021; Norris et al., 2021; Gmenqyist et al., 2025).

6Among studies of crime and criminal justice policies, this kind of research design has also been used to study the e ects
of arrests (Grogger, 1995), victimization (Bindler and Ketel, 2022; Bhuller et al., 2024; Adams et al., 2024a,b, 2025), criminal
convictions (Rose, 2021; Agan et al., 2024), and nes (Mello, 2024).



trends in potential outcomes rather than judge randomization and exclusion restrictions. That our
labor market and recidivism estimates produce similar ndings to the judge IV and RD literatures
strengthens con dence in those results.

We also speak to a literature on heterogeneity in wealth accumulation across the income distribu-
tion and across racial groups’ We extend that literature by examining the causal link between incar-
ceration and asset ownership in a predominantly low-income population, using a quasi-experimental
design and administrative data. Our ndings imply that di erential exposure to incarceration may
contribute to wealth disparities across the income distribution. The implications for racial disparities
are less direct: because incarceration is far more common among Black men, similar per-person e ects
imply larger aggregate e ects on Black households' asset accumulation, but the homeownership e ect
itself is smaller for Black defendants, whose baseline ownership rates are lower (Section 5.5).

The paper proceeds as follows. Sections 2{4 describe the setting, data, and empirical approach.
Section 5 presents our main estimates, Section 6 examines potential confounds and robustness, and
Section 7 concludes.

2 Background and data

2.1 Felony sentencing in Virginia

Virginia follows a voluntary sentence guidelines regime, in which judges receive a recommended sen-
tence range but are permitted to deviate from it. The recommended sentence is calculated using a
series of worksheet§. A defendant accumulates points on each worksheet according to the severity
of the o0 ense and details of the criminal record. The sentencing score is then converted into a rec-
ommended sentence range. For larceny, fraud, and drug o enders recommended for incarceration, a
separate non-violent risk assessment can lead to a recommendation for diversion, meaning either a
short jail sentence or a non-carceral sentence; a judge who imposes either the guidelines sentence or
the alternative sanction is considered in compliance with the guidelines.

As in many jurisdictions, plea negotiation is common, and jury trials are rare. 85% of felony
convictions result from a guilty plea and the rest come almost entirely from bench trials, or trial by
judge instead of jury. The sentence guidelines are calculated by a probation o cer or a prosecutor
and are available during the plea negotiation process.

There is often a signi cant lag between the date of an arrest and the date of sentencing. Although
procedures can vary, felony cases usually go through both a probable cause and a grand jury hearing
before reaching Circuit Court for adjudication. Then, even if the defendant chooses to plead guilty,
there may be several months between the date of conviction and the date of sentencing. Those denied

"E.g. Piketty and Saez (2003); Darity (2005); Saez and Zucman (2016); Benhabib et al. (2017); De Nardi and Fella (2017);
Logan and Parman (2017); Poterba et al. (2017); Kuhn et al. (2020); Addo et al. (2024); Derenoncourt et al. (2023); Kondo
et al. (2025).

8In Appendix A, we provide a sample worksheet.



bail or unable to a ord bail will remain in pretrial detention throughout.

Those sentenced to incarceration may spend time in both prison and jail. Jails are local facilities
that primarily accommodate individuals detained before trial, as well as those serving short-term
sentences or awaiting transfer to prison. There is some access to higher education in prisons. The De-
partment of Corrections o ers a few accredited courses and some community colleges permit distance
learning.

Almost everyone who is convicted is required to pay court fees and/or nes. Those who are
convicted but not incarcerated are often put on probation. This entails a suspended sentence as well as
additional requirements, for example meeting with a probation o cer. While on a suspended sentence,
violation of the court terms can lead to being sent back to prison. Those sentenced to incarceration
typically also have a partially suspended sentence, which they serve after release. Discretionary parole
is banned in Virginia and prisoners must serve at least 85% of their original prison sentence before
release.

Virginia's criminal justice system is similar to the nation as a whole and to several states considered
in other recent studies of the impact of incarceration, as described in Humphries et al. (2025). For
example, Virginia is similar in terms of incarceration and probation rates, but parole is less common
than in other states.

2.2 Data

In this subsection, we describe our data, matching process, and samples. More details can be found
in Appendix B.

Sentencing data. We obtain data from the Virginia Criminal Sentencing Commission (VCSC) on
everyone convicted of a felony in Virginia from 1995 through 2020. This dataset includes basic case
details, such as charges and sentences, in addition to the guidelines-recommended sentence and all of
the inputs used to calculate it, which mostly pertain to the charges and the criminal record. The data
also includes rst and last name, middle initial, birth year and month, and the last four digits of the
Social Security number, which we use to match to our other data sources. VCSC also provides data
on probation revocations from 2006 onwards.

Court data. We match the sentencing commission data to records maintained by Virginia's Circuit
Courts using rst and last name, middle initial, birth month, o ense date, and FIPS code. Circuit
Court records cover all judicial circuits except Alexandria and Fairfax and include every case with

a docket entry between 2000 and 2019. Because a case appears whenever it has an entry in that
window, the records include some cases with o ense dates as early as 1995, but few cases sentenced
before 1999. For cases sentenced from 1999 onward in the covered circuits, we match 89% to a Circuit
Court record. We use this dataset to measure recidivism, which we de ne as new felony charges led

in Circuit Court, and to obtain information on defendants' race and gender. We obtain data on mis-



demeanor sentences and pretrial detention from Virginia's District Courts, using the same matching
variables. District Court data are available from 2007-2019 lings, with o ense records also dating
back to 1995, but being sparse pre-2008.

Employment data. =~ We obtain earnings and employment data from the Virginia Employment Com-
mission (VEC), which maintains records on all W-2 income reported by employers in Virginia. While
this captures a broad range of formal employment, it excludes income from self-employment, inde-
pendent contracting, and informal employment. We match using name, birth month and year, and
the last four digits of the Social Security number. These data are observed at a quarterly frequency
from 1998 through 2019. Throughout the paper, we de ne earnings as total W-2 wage income, and
we de ne employment as an indicator for positive earnings in that quarter. We use the Consumer
Price Index to adjust earnings so that they are in 2009 dollars.

College enrollment data. We obtain data on college enroliment from the State Council of Higher
Education in Virginia (SCHEV), which maintains records on all public schools and most private schools
within the state.® Since higher education in prison mostly consists of correspondence courses through
community college, we capture most within-prison post-secondary education. We match using name,
birth month and year, and the last four digits of the Social Security number. These data are observed
guarterly from the second half of 2000 to the rst quarter of 2020.

Asset ownership data. We obtain data on homeownership, car ownership, and household members
from a commercial data aggregator:® This company collects public records data from over 3,000
counties in the United States, representing over 98% of the adult U.S. population. The data aggregator
collects these data for two primary purposes: marketing and the construction of alternative credit
scores. These scores are used to determine access to payday loans, credit cards, phone plans, and car
loans, and they are primarily used by creditors serving populations who tend to have a thin credit
history. The focus on those at the margins of the formal economy makes this a useful data source for
justice-involved individuals.

Data on real property ownership are sourced from public county tax and deed records. We refer
to real property ownership as \homeownership" because justice-involved populations are unlikely to
own investment properties.

Car ownership data comes from an extensive network of car dealerships, oil change companies,
and repair shops. An individual is labeled as a car owner if they purchase a car from a dealership
or bring the car in for an oil change or repair. This variable has two limitations. First, it may miss
some car owners who do not purchase from dealerships or who do not take their car in for oil changes

9SCHEYV collects data on all institutions where students are eligible for Virginia Tuition Assistance Grants, which includes
all public institutions and private institutions whose primary place of business is Virginia.

10The data aggregator also provided some modeled constructs, which we exclude because it is unclear how they are created.
This paper includes all available non-modeled outcomes pertaining to asset ownership.



or repairs. Second, the variable does not directly capture the sale or loss of the car and is therefore
an absorbing variable. As a result of these two limitations, we may understate or overstate the
level of car ownership. To the extent that this measurement error does not a ect the treatment and
comparison group di erentially, our estimates of the impact of incarceration should not be a ected.
Another implication of the second limitation is that our estimate of the impact of incarceration on
car ownership does not capture its impact on car sales or loss, except insofar as it may mean that we
never observe ownership to begin with. If incarceration increases sales or loss in addition to decreasing
acquisition, our estimates will understate the total impacts on car ownership.

We match the sentencing and court records to these datasets using the rst and last name, middle
initial, birth month and year, and last four digits of the Social Security number. We purchased eight
\snapshot" years of data, centered around the sentencing date: years -5, -3, -1, 0, 1, 3, 5, 7. Each
snapshot is drawn from the relevant archive, which is preserved at the end of each month. These data
are available from 1995 to 2021.

Property value data. = We include data on property values from CorelLogic property tax assessment
records for people who owned a home in the year prior to sentencing. We match these people to the
CoreLogic data using rst and last name, middle name or initial, zip code of the address on record in
Circuit Court data, and the year of the person's homeownership/ CoreLogic record. Tax records for
each property are led yearly and available for most (70-75%) of the CoreLogic universe of properties
from 2009 to 2024.

Matching to the data aggregator. Our match rate is 96%. Match veri cation variables provided by
the data aggregator suggest a high match quality: 86% of the matches made were an exact match
on rst name, last name and the last four digits of the Social Security number, while only 2% of
matches had a Social Security number that was linked to multiple names or names other than what
we provided them. We can also verify match quality by con rming that everyone in our sample|who

we know to have been recently convicted of a felony|is also shown to have a recent felony conviction
in the records maintained by the data aggregator. Among the circuit-years for which conviction data

is available, there is a strong concordance in the criminal record information across the two datasets.
We discuss these tests in more detail in Appendix B.3 and use this concordance in a robustness test
(see Section 6.3).

Matching to the employment and college dataThe employment data should represent the universe
of W-2 lings in Virginia. Likewise, the college education data represents the entirety of enrollment
at public colleges in Virginia as well as most private non-prot ones. While we expect the data for
these two outcomes to be relatively complete, there could be typos and other inaccuracies in the
identifying information. 34% of individuals in our sample have an employment record and 8% have
a post-secondary education record. These gures are consistent with the well-documented pattern
of low formal labor market participation and limited educational attainment among individuals who
come into contact with the criminal justice system (Pettit and Western, 2004; Western, 2006; Looney



and Turner, 2018).

Matching to the property value data. CoreLogic sources its data from county o ce records. We are
able to identify 71% of the people who owned a home in the year before sentencing in the CoreLogic
dataset, with near identical match rates for those with carceral (71.25%) and non-carceral (70.75%)
sentences.

2.3 Sample construction

We focus on rst felony convictions in the main analysis, which account for 57% of convictions in
the sentencing data and are the margin at which diversion and alternative-sanction policies typically
operate. We report estimates for defendants with prior felony convictions in Section 5.5.

We impose several additional restrictions! First, we limit our sample to individuals who are at
least 23 years old at the time of sentencing, to ensure that we observe pre-trends for at least ve years
after they reach the age of legal majority. Second, we restrict our sample to defendants sentenced
between 2001 and 2014, ensuring that we can track outcomes for everyone at least ve years prior to
and seven years post-sentencing. Third, we restrict our sample to individuals whose sentencing score
is within 10 points above the threshold for a prison recommendation, since virtually everyone above
that range is incarcerated!? Fourth, we restrict treated individuals to those with a carceral sentence
of four years or less, in order to have three years of outcome data after completing the original carceral
sentencet® We use this main sample for our analysis of the impact of incarceration on homeownership.
Because the data covers more limited time periods for the other outcomes we study, we restrict the
\car sample" to those sentenced within 2010-2014, the \college sample" to 2005-2013, the \recidivism
sample” to 2004-2012, and the \employment sample" to 2003-2012. We show that results are robust
to di erent ways of de ning the sample in Section 6.3.

3 Descriptive statistics

Table 1 presents summary statistics for individuals sentenced to incarceration for four years or less
(our main treatment group) and those who received non-carceral sentences (our comparison grouf).
First we consider di erences in the criminal legal process. The treatment group receives sentences that
are 15.6 months long on average, whereas the comparison group does not receive any carceral sentence
by construction. The treatment group is also 50 percentage points more likely to be detained pretrial

at the most recent hearing associated with the case, which is typically the sentencing hearing. This

1 Appendix B.4 shows how our sample size changes as we impose these restrictions.

1210 points above the threshold is the 90th percentile in the sentencing score distribution. The distribution of the sentencing
score and average sentences per sentencing score are shown in Appendix Figure C.1.

BFour years is the 89th percentile of sentence length for those with carceral sentences.

14As we describe in Section 4, our main research design is matched di erence-in-di erences, so this table includes matched
observations and reports match-weighted means.
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is because parties typically have already determined many factors strongly predictive of the sentence
at the plea hearing, such as the charges of conviction, the sentence the prosecutor will argue for, or
even a sentence itself. If a non-carceral sentence is expected, judges are more likely to release someone
from custody before the sentencing hearing; if incarceration is expected, they may keep them detained
pretrial. Pretrial detention should therefore be considered as part of the treatment bundle, with
similar incapacitative channels as post-sentencing incarceration. The treatment group is 6 percentage
points more likely to have to pay a ne or restitution as well. Given that several recent papers have
found that court nes and/or fees do not impact recidivism or nancial well-being, we think this is
unlikely to play a meaningful role in explaining our results (Pager et al., 2022; Finlay et al., 2024;
Giles, 2023; Norris and Rose, 2024). Finally, almost everyone (96%) in both groups has their sentence
partially suspended. While on a suspended sentence the person must abide by court orders and can be
placed back in prison should they fail to do so. Those who are not incarcerated begin the suspended
sentence immediately; those incarcerated begin it after release.

The two groups are similar in terms of age, race, criminal record, o ense and homeownership
status. The largest di erence across the groups is gender: 25% of the comparison group is female,
compared to 18% for treatment. The comparison group is also 2 percentage points more likely to have
any post-secondary education, 3 percentage points more likely to own a car, 4 percentage points more
likely to be employed, and earn 11% more on average.

Figure 1 compares homeownership rates by age for individuals in our main matched sample com-
pared to the general population in Virginia.'> Homeownership is substantially lower in our sample at
all ages, though the gaps become smaller with age. Overall, 16% of individuals in our sample owned a
house at some point during the 12-year observation window around the sentencing date, indicating that
homeownership is a meaningful economic margin even among justice-involved populations. However,
the lower rates at all ages also suggest that individuals with felony convictions are less connected to
the formal economy, consistent with lower levels of labor market attachment and re ecting previously
documented negative correlations between homeownership and criminal justice involvement (Turney
and Schneider, 2016; Maroto and Sykes, 2019).

4 Research design

We aim to study how incarceration a ects labor market outcomes, recidivism, asset ownership, and
post-secondary education trajectories. To formalize this, we use a potential outcomes framework. Let
D; be a dummy variable for whether individual i is incarcerated on their rst felony conviction. We can
write the observed outcomeY; in terms of the potential outcomes asYi+ = D;Yit (1)+(1  Dj)Yit (0),
where Yt (1) and Y;(0) are the potential outcomes with and without incarceration, respectively,
measuredt periods before or after sentencing.

SFor the Virginia general population, we use American Community Survey 5-year estimates of homeownership among
heads of households.
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We focus on the average treatment e ect on the treated (ATT) t periods after the sentencing date
of the rst felony conviction, de ned as:

t = E[Yit (1) Vit (0)jD;j = 1]: 1)

The challenge in identifying  is that we do not observe the average outcome for incarcerated
individuals in period t had they counterfactually not been incarcerated,E[Y; (0)jD; = 1]. We address
this missing data problem by using a di erence-in-di erences (DiD) design to estimate

E[Vit Vi siDi=1] E[Yit Y sDi=0]: (2)

Equation (2) is equal to ; under the parallel trends assumption, which states that trends in
E[Y (0)] would have been parallel between those incarcerated (treatment group) and those without a
carceral sentence (comparison group) in the absence of incarceration. We use a matched DiD design
in which treated individuals are rst matched to comparison individuals with the same sentence score
and o ense: observed characteristics that do not change over time. Under this design, the parallel
trends assumption need only hold conditional on those characteristics, so counterfactual trends may
di er across o ense types and sentencing scores; this is more plausible than assuming parallel trends
unconditionally across the full sample.

For estimation, we use a standard multi-period di erence-in-di erences setup, whereD; is de ned
as above, ; represents individual xed e ects,  captures time xed e ects, and ; captures the
treatment e ect in period t, with time measured relative to the sentencing date andt = 1 as the
omitted period:

Yit = i+ t+ (Di+ Uy: (3

We use the sample described in Section 2.3. In some analyses (in particular in Sections 5.5 and 6.2),
we consider di erent restrictions on the sample, which, if our identifying assumptions hold, will yield
estimates of the ATT for di erent target groups of incarcerated individuals.

Our research design compares incarcerated individuals to those with the same o ense and sentenc-
ing score who did not receive a carceral sentence. The di erence in sentences across the treatment and
comparison groups could stem from multiple sources. First, sentences may vary for plausibly exoge-
nous reasons. Since Virginia's sentencing guidelines are advisory rather than mandatory, and suggest
a range rather than a speci c sentence, judges in uence sentences even within a sentencing score.
This discretion introduces variation driven by judge preferences, which is a source of quasi-random
variation that the judge IV literature exploits (Kling, 2006; Aizer and Doyle, 2015; Mueller-Smith,

18Recent work has raised concerns about TWFE di erence-in-di erences estimators when treatment is staggered and
e ects are heterogeneous (e.g., Callaway and Sant'Anna, 2021; Sun and Abraham, 2021; Goodman-Bacon, 2021). The
central problem in that literature is that already-treated units serve as controls for later-treated units. That issue does not
arise here: we compare individuals incarcerated for the focal conviction to a matched comparison group never incarcerated
for the focal conviction, and with sparse carceral exposure even for future felony convictions (Figure 2).
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2015; Dobbie et al., 2018; Arteaga, 2021; Norris et al., 202f)7. Plea negotiations may also produce
di erent outcomes for otherwise similar defendants, particularly if representation quality or attorney
caseload varies (Agan et al., 2021; Caspi, 2023; Liu and Mahler, 2026). Finally, extraneous factors,
such as courtroom scheduling or temporary in uences on judge dispositions, may also a ect outcomes
(Graef et al., Forthcoming; Philippe and Ouss, 2018; Eren and Mocan, 2018; Chen and Philippe, 2023;
Ludwig and Mullainathan, 2024).

A second category of reasons may relate to di erences in defendants' observed and unobserved
characteristics. Such di erences are problematic only if they lead to violations of the parallel trends
assumption, such as shocks that a ect economic trajectories and sentencing, rather than constant level
di erences, which are absorbed by xed e ects. We discuss the potential for such violations in more
depth in Section 6.1. Because every defendant in our sample is recommended for prison, a specic
version of this concern is that the comparison group consists largely of defendants judges chose not to
incarcerate, who may di er in ways that a ect their trajectories. Section 6.2 partially addresses this
by constructing an alternative comparison group from defendants just below the guidelines threshold
who received the recommended sentence.

5 The lasting consequences of incarceration

We present results in a common format throughout this section. For each outcome, the gures show
raw averages for the treatment and comparison groups on the left and estimates of from equation (3)
on the right, with time measured relative to sentencing. Since the asset ownership data are only
observed at years 5, 3, 1,0, 1, 3,5, and 7 relative to sentencing, we aggregate all outcomes to
these years in our tabulated regression analyses. Table 2 reports di erence-in-di erences estimates for
years 1, 5, and 7 for all outcomes, and Appendix Table C.1 presents estimates for all eight years. The
year 1 estimate captures incapacitation across the rst year, while years 5 and 7 capture post-release
e ects. Counterfactual outcomes for the treatment group, E[Y;1(0) j D; = 1], are shown in square
brackets below the standard errors; these are constructed by subtracting the treatment e ect estimate
from the observed treatment-group mean in each year. For all outcomes, pre-sentencing estimates are
small relative to post-sentencing e ects, and joint tests that the coe cients for years 5to 1 equal
zero do not reject (p-values in the bottom panel of Table 2).

"We note that we cannot use a judge 1V design in this context, because we only have the necessary matching variables for
people who received a felony conviction, and not for those whose cases were dismissed. Without data across all case outcomes,
we cannot construct the judge stringency measures or identify compliers needed to recover margin-speci ¢ treatment e ects
(Arteaga, 2021; Humphries et al., 2025).
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5.1 Exposure to incarceration

Table 1 shows that, on average, sentences in the treatment group are 15.6 months, compared to 0O
months for the comparison group. Figure 2 provides insights into the dynamics of this di erence'®
The gure on the left illustrates the likelihood of being incarcerated on a felony sentence over time for
the treatment group (green circles) and the comparison group (purple diamonds). The data describe
the fraction of each quarter the individual spends incarcerated, capturing incarceration spells for both
the focal sentence and any subsequent felony sentences. The treatment group is substantially more
likely to be incarcerated than the comparison group, particularly in the rst couple of years after
sentencing. There is still a small gap in the likelihood of incarceration three years after sentencing,
but the gap has almost entirely disappeared by year 4 (Figure 2)-°

Felony sentences are not the only way in which someone can be incarcerated. Pretrial detention,
misdemeanor sentences, and probation revocation also involve imprisonment. In Appendix Figures
C.2, we show the dynamics of incarceration for treatment and comparison groups when including these
other types of incarceration?® Even when we take into account pretrial detention and revocations,
the incarceration gap in years 5 and 7 is statistically insigni cant, at -0.7 and 3.0 percentage points
respectively (Appendix Table C.2). Thus, beyond four years post-sentencing, outcomes are unlikely
to be in uenced by incapacitation.

5.2 Employment, earnings, and recidivism

Figure 3 follows the same format as Figure 2 with raw averages on the left-hand side and di erence-
in-di erences estimates on the right-hand side. The rst row shows the likelihood of being employed
in a given quarter, and the second row shows the average quarterly earnings.

We see that incarceration leads to a sharp drop in employment and earnings during the period of
incarceration, but by year three these trends return to what they would have been absent incarceration.
Table 2 shows estimates aggregated to the yearly level, with employment de ned as any formal sector
employment in that year and earnings de ned as total W-2 wage income that year. Incarceration
lowers employment during the incapacitation period, but after release it appears to actually increase
the likelihood of being employed. The employment e ects in year 7 are 1.6 percentage points §.10), a
6.6% increase relative to a pre-sentencing treatment group mean of 0.241. The impacts on post-release
earnings are small and statistically insigni cant, both individually and jointly across quarters.

The possibility that incarceration could increase post-release employment has not received a lot of
attention in the previous literature. However, our estimates are consistent with Garin et al. (2025),

18Since we restrict our analysis to rst felony convictions, there is no prior felony incarceration by construction, so the
pre-conviction trends in incarceration are not informative.

19 Although the estimate in year 7 is statistically signi cant, the di erence is very small relative to years 0, 1, and 3.

20Due to data limitations, we conduct these analyses for individuals sentenced between 2012 and 2014, as described in
Appendix B.4. We show results centered both around the date of sentencing (Appendix Figure C.2) and the date of o ense
(Appendix Figure C.3). When centered on sentencing, pretrial detention appears prior to time 0; when centered on the
0 ense date, it appears afterwards.
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who nds positive and statistically signi cant estimates on employment outcomes in North Carolina
and in their \precision-weighted" average across both North Carolina and Ohio. One possibility is
that recently released prisoners are incentivized to maintain employment as part of their suspended
sentence, similar to parole. If so, the increase in employment would fade once the individuals are
no longer under supervision. To explore this, we track employment outcomes up to 12 years after
sentencing, limiting our sample to those sentenced between 2003 and 2007 to ensure a 12-year follow-
up window. Estimates are shown in Appendix Table C.3. We observe similar positive e ects of around
1.5 percentage points from year 6 to 10, but estimates for years 11 and 12 are small and no longer
statistically signi cant. Overall, there is suggestive but not de nitive evidence of fade-out.

Despite evidence that incarceration increases employment rates at least in the years immediately
following release, it has no detectable e ect on earnings in the shorter or longer term (Appendix
Table C.3). The post-release estimates for earnings are small and statistically insigni cant. The
cumulative earnings lost due to incarceration are about$6,376 in 2009 dollars over the seven years
post-sentencing?*

In Appendix Figure C.4 and Appendix Table C.4, we show employment outcomes for those with
steady employment prior to sentencing, de ned as being employed in 7 out of 8 quarters between
years -3 and -1.25 inclusive. As in the full sample, we observe sharp declines in both employment and
earnings coinciding with incarceration. However, for this group, we nd that average annual earnings
remain lower for up to twelve years after sentencing, although the estimates are not statistically
signi cant after year 3. Gaps in earnings eventually appear to narrow, but this convergence occurs
more slowly than in our main sample. The cumulative earnings loss for this group is substantial:
$36,720 over the rst seven years after sentencing.

The bottom row of Figure 3 shows the likelihood of being charged with a felony for a crime alleged
to have been committed within the previous 12 months. We omit the felony charges that led to
the focal sentencing event and include only prior and future felony charges. Incarceration leads to a
short-term decline in felony charges, but shows no evidence of longer-term e ects in either direction.
The estimates for years 3, 5, and 7 are small and statistically insigni cant (Table 2).

Most of the literature on the consequences of incarceration focuses on shorter sentenéésThe
combination of our matched di erence-in-di erences research design and the time span of our dataset
means that we can also consider the e ects of longer sentences on employment and recidivism. We
conduct analyses comparing individuals who served prison terms of 4-7 years to those who received
none, using the same matching strategy. Within this treatment group, the average incarceration length
is 5.4 years, providing a substantial \dosage" for analyzing long-term impacts. A 7-year sentence is
at the 96" percentile of positive incarceration sentences; 5.4 years is at the $4percentile. In Figure

21\We calculate this by summing the estimates from the di erence-in-di erences regression with earnings as the outcome
between zero and seven years post-sentencing.

22For example, in Garin et al. (2025), the average sentence length conditional on incarceration is 17-22 months. Given the
long right tail of sentencing, the medians are likely substantially shorter. The median sentence of those incarcerated in Rose
and Shem-Tov (2021) is 15 months, although their dose-response model allows them to estimate the marginal e ects of an
additional year of sentencing up to four years.
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4 and Table 3, we show the result$3 Compared to those with shorter sentences, the incapacitation
period is longer. However, we still see no evidence of long-term scarring on labor market or recidivism
outcomes up to 12 years post-sentencing. The evidence suggests that incarceration even increased
earnings for recently released prisoners. Overall, this analysis suggests that even longer sentences
do not have enduring negative e ects on labor market outcomes, relative to only having a felony
conviction.

5.3 Asset ownership and human capital accumulation

Figure 5 presents average e ects of incarceration on homeownership (top row), car ownership (middle
row), and college enrollment (bottom row). The raw data shows that trends in homeownership are
almost overlapping for the treatment and comparison groups before sentencing, with a noticeable
divergence in trend starting at the date of sentencing. Similar divergence in trends occurs for car
ownership and post-secondary education.

In year 7 after sentencing, incarceration reduces homeownership rates by 1.2 percentage points, a
13.2% decline relative to a pre-sentencing mean of 0.091, and car ownership rates by 2.7 percentage
points, an 18.1% decline relative to a pre-sentencing mean of 0.149. This could be due to asset
sales in preparation for prison, hesitation to purchase assets in anticipation of incarceration or its
immediate aftermath, or both. The decrease happens sooner for cars than for homes, with most of
the impact accumulating by year 3 and year 5 respectively, which roughly aligns with the ease of
cutbacks and sales. Appendix Figure C.5 shows incarceration's impact on homeownership for those
who do and those who do not own a home before sentencirf§. There are relatively few defendants
who owned a home at some point before sentencing, reducing our sample size. Nonetheless, it appears
that incarceration reduces homeownership by about 6 percentage points for this group. Among non-
homeowners, incarceration reduces the likelihood of acquiring a house by about 0.7 percentage poifts.

Our estimates for home and car ownership could re ect asset sales or a reduced acquisition induced
by incarceration. There are several reasons why a prison sentence could lead to asset sales. First, it may
not make sense to retain assets that are di cult to use or maintain while incarcerated, especially if they
require ongoing payments. As a result, it can be di cult to keep up with mortgage or loan payments,
and individuals may need to sell assets to avoid default or to cover expenses during incarceration.
Second, prison facilities provide only the bare necessities, and incarcerated individuals must pay
for postage, hygiene items, over-the-counter medications, snacks, and other basic goods using their
commissary account. In addition, incarceration imposes nancial burdens on families, who may face
costs for collect calls and long-distance visitation. Selling assets can help cushion these nancial
pressures.

23pppendix Table C.5 presents all year-level estimates and standard errors for the estimates in Figure 4.

24As discussed in Section 2.2, car ownership is an absorbing variable, and we cannot look at car sales. If incarceration also
increases the likelihood that cars will be sold or otherwise relinquished, our estimates will understate the e ects.

25Since our data on asset ownership does not extend beyond 7 years post-sentencing, we cannot look at the impact of 4-7
year sentences beyond the incapacitation period.
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Prison may also prevent the acquisition of assets. Logistically, it is di cult, if not impossible, to
purchase a home or car while incarcerated. It may also be more challenging to make large purchases
after release. Savings may be depleted by commissary expenses, collect calls, and the cost of visits
from relatives and friends. Incarceration also prevents labor force participation, beyond the nominal
hourly wage for prison labor. We saw that those who had steady employment prior to sentencing
lost an average of$36,720 over seven years in cumulative earnings due to incarceration. Some of
this money could have been saved for a down payment on a house or a car. It is also possible that
incarceration lowered their credit score, in line with Avenancio-Leon and Aneja (2021). Finally, it
may take some time to recover after release from incarceration. Securing employment, housing, and
basic necessities plausibly takes precedence over long-term nancial investments. This is consistent
with the timing of the e ects: incarceration appears to lower the rate of asset accumulation even after
the incapacitation period is over. Although most of the individuals in our sample are released from
prison within about a year and a half, the divergence in home and car ownership rates continues to
grow. The homeownership gap stabilizes only ve years after sentencing, and the car ownership gap
continues to widen for up to seven years. Importantly, many of the mechanisms outlined above do not
require permanent behavioral changes or labor market scarring to generate lasting nancial e ects.

To assess whether the e ects on asset ownership re ect true economic loss or strategic reallocation
within households, we examine asset ownership at the household level. If individuals transfer ownership
to family members to avoid forfeiture or to maintain access to these goods, we would expect muted
e ects at the household level. Conversely, if incarceration generates broader spillovers through lost
income or increased costs, we would expect household-level e ects to exceed individual-level ones.
Appendix Figure C.6 shows that household-level estimates closely mirror those at the individual
level, suggesting that families neither reallocate cars and homes nor absorb the broader economic
consequences of incarceration on these investmentg.

Panels (e) and (f) of Figure 5 show that incarceration also has a lasting e ect on post-secondary
education. The gap in the proportion having received any post-secondary education between treat-
ment and comparison groups hoticeably widens in the yearsafter sentencing. By seven years after
sentencing, incarceration has led to a 1.6 percentage point decrease in the likelihood of having any
college enrollment, a 17.4% decrease relative to a 0.092 pre-sentencing mean. Most of the divergence
occurs in the rst year after sentencing, consistent with an incapacitation e ect. This pattern holds
despite the fact that our data captures in-prison education programs administered through community
and state colleges.

For the individuals on the education margin, missing out on college courses due to incarceration
could have long-run consequences. Past work has shown that the returns to college are high, including
for community college and for college credits that do not lead to a degree. For example, Kane and
Rouse (1995) nd that an additional year of college credits was associated with around a 5% increase

26The household-level information is only available in the data aggregator, so we cannot measure the e ects of incarceration
on household labor market, education, or recidivism outcomes.
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in earnings, and that this rate was similar for 2-year and 4-year institutions. Jepsen et al. (2014)
similarly nd large returns to credits, and Giani et al. (2020) document that those with some college
earn substantially more than those with no college after accounting for a rich set of observables.

5.4 Property values

Whether the reductions in homeownership documented above represent losses of wealth depends in
part on whether the homes owned by people in our sample maintain or increase in value. Housing
returns are heterogeneous, in part because of distressed sales (Kermani and Wong, 2026), and homes
owned by low-income households may appreciate little. In this section, we compare the values of
homes in our sample to those of other Virginia homes.

Appendix Figure C.7 compares tax-assessed values of homes owned by defendants in our sample in
the year before sentencing, from CoreLogic property records, to values for a random sample of Virginia
homes and a ZIP-code-weighted random sample. Homes in the felony sample are worth roughly 60%
of the typical Virginia home in real terms, but their values follow the same trajectory over 2009{2024,
including the post-recession decline and subsequent recovery. Assessed values are an imperfect proxy
for market values, but they are internally consistent across the three samples. The homes owned by
people with felony convictions are therefore not systematically poor assets: they are lower-valued, but
they appreciate with the market. Moreover, appreciation captures only part of the return to owning:
an owner also earns the rental value of the housing services consumed, and because rent-to-price ratios
are higher for lower-priced homes, total returns on homes like those in our sample are, if anything,
higher than on higher-priced homes, though also more volatile (Diamond and Diamond, 2024).

This evidence suggests the reduction in ownership is not a reduction in a systematically poor asset,
and is consistent with reduced ownership representing a real, if unmeasured, reduction in household
wealth.

5.5 Prior convictions and heterogeneity by race

So far, we have examined how incarceration a ects defendants receiving their rst felony conviction.
In Appendix Figure C.8 and Table C.7, we investigate whether the impacts of incarceration di er
for those with prior felony convictions. Estimates for employment, earnings, and recidivism look
broadly similar to those with no prior felony convictions, with stronger incapacitation e ects for those
with prior felony convictions. Impacts on car ownership and post-secondary education are slightly to
moderately smaller, and homeownership e ects are small and statistically insigni cant. The smaller
magnitudes are consistent with lower base rates among this population.

Next, we examine heterogeneity in e ects by race. Because nearly all individuals in our sample
are classi ed as either Black or White in court records, we restrict the analysis to these two groups.
Appendix Figure C.9 presents estimates disaggregated by race. We nd broadly similar e ects for
Black and White individuals across most outcomes, including employment, earnings, recidivism, car
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ownership, and post-secondary education. However, the e ects on homeownership are smaller (a 0.5
percentage point decline in year 7) and statistically insigni cant for Black individuals. This may

re ect the fact that baseline homeownership rates are substantially lower among Black individuals in
our sample (10.9% ever own a home compared to 20.2% of White individuals in our main analysis
sample). These baseline disparities may re ect a range of structural barriers to homeownership or,
perhaps, the impacts of incarceration on prior generations (Myers, 2004; Bayer et al., 2017; Andrews
et al., 2017).

6 Robustness

In this section, we discuss potential limitations of our di erence-in-di erences framework and conduct
a series of robustness checks.

6.1 Considering potential confounds: simultaneous adverse shocks

The identifying assumption underpinning our research designs is that, absent incarceration, post-
sentencing outcomes for the treatment group would have followed a trend parallel to the observed
outcomes in the comparison group, conditional on o0 ense and sentencing score. This assumption
would be violated if factors correlated with incarceration status are also correlated with counterfactual
trends in asset accumulation or labor market outcomes after sentencing. Some factors that could
contribute to a defendant's incarceration are plausibly random, such as variation in the preferences
or e ectiveness of the assigned judge, district attorney, or public defender. These factors are thus
unlikely to correlate with trends in asset accumulation or education except through their impact on
sentencing. Other factors, however, are more likely to be correlated with trends in counterfactual
outcomes. For example, judges may systematically be more punitive towards defendants who are on
a downward nancial trajectory, as they may perceive this as increasing the risk of future crime. The
similar pre-sentencing trajectories of the treatment and comparison groups (Section 5) argue against
this concern.

Still, another natural concern is that post-sentencing trajectories could diverge for reasons other
than incarceration, some of which may be observable to the judge. Unobserved shocks, such as
adverse life events, could correlate with both sentencing and trends in post-sentencing wealth and
human capital accumulation. We believe that this is unlikely to be the case in our sample for three
reasons. First, we compare two groups that are similar in terms of crime severity and criminal record,
suggesting that their behavior up until the time of sentencing was fairly similar.

Second, our estimates indicate that incarceration did not cause lasting adverse e ects on employ-
ment, earnings, or recidivism in the treatment group. The short-term declines for these outcomes are
closely timed with the carceral sentence, and once the period of incapacitation ends, these outcomes
trend back to match the comparison group. If the long-term declines in home/car ownership and
post-secondary education were caused by an adverse life shock coinciding with sentencing, we might
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have expected this shock to also lead to long-term declines in employment and earnings, and increases
in recidivism|e ects documented in response to other life shocks such as crime victimization or job
loss (e.g., Bindler and Ketel, 2022; Adams et al., 2024a; Rose and Shem-Tov, 2024). The patterns we
observe|short-term dips in ow variables like employment but long-term declines in the accumulation

of assets|are consistent with a large but temporary disruption to economic activity. This indicates a
limited scope for plausible confounding events.

Finally, the timing of the changes we observe is di cult to reconcile with the idea that an adverse
shock caused both the initial crime and subsequent divergent outcomes. If the treatment group
experienced an adverse event leading to both more severe crime and worse economic outcomes, we
might expect this to show up as di erential pre-trends before the date of the o ense. We explore this by
re-centering the di erence-in-di erences speci cation around the o ense date instead of the sentencing
date. Appendix Figures C.3 and C.11 show that trends in incarceration, employment, and earnings
only start to diverge after the date of the o ense, suggesting that such a hypothetical adverse shock
must have occurredimmediately before the o ense. While adverse life events can in uence criminal
behavior, the criminology literature suggests that such rapid sequences are atypical (Sampson and
Laub, 1993; Farrington, 2003). In practice, arrests leading to felony convictions typically follow a
pattern of repeated or sustained criminal activity.

However, our primary research design cannot fully rule out that judges select defendants into
incarceration based on unobservable characteristics correlated with changes in the relevant outcomes.
This concern is sharpened by the fact that, while the sentence guidelines range includes incarceration
for all defendants in the sample, only 29% of the comparison group have sentence guideline ranges that
include non-incarceration (through the risk assessment described in Section 2). The comparison group
therefore consists of many defendants who received a sentence that departs from the recommendation.
If judges are more likely to depart downward for defendants on upward economic trajectories, our
estimates would overstate the e ects of incarceration. In the next subsection, we re-estimate our
design in a narrow window around the guidelines threshold, where defendants on both sides received
a sentence largely consistent with recommended range, meaning that di erences in incarceration stem
more from the discontinuity in recommendations than from judicial discretion.?’

6.2 Comparing defendants with di erent guidelines-recommended
sentences

For each o ense, there is a sentencing score cuto above which a defendant is recommended for prison
and below which they are recommended either for probation or for a short jail stay, resulting in large
expected di erences in sentencing. In the main sample, defendants just above the cuto by 1-2 points

27In the alternative design, as in the main design, everyone in the treatment group had incarceration as part of their
guidelines-recommended sentence. For the comparison group in the alternative design, the sentence guidelines range includes
non-incarceration 68% of the time, and either non-incarceration or a sentence of one day 94% of the time. For the comparison
group in the main design, the numbers are 29% for both.
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are 11.8 percentage points more likely to receive a carceral sentence than those below the cuto, and
sentences are on average 6.7 months longét.

We implement a di erence-in-di erences design comparing individuals who scored just below the
cuto (1{2 points) and received non-carceral sentences to those who scored just above (1{2 points)
and received carceral sentences of four years or less. In this sample, the sentences for the treatment
and comparison groups were almost entirely consistent with the sentence guidelines: incarceration
for the treatment group and non-incarceration for the comparison group. Di erences in incarceration
are therefore heavily driven by the one- or two-point di erence in scores, which is constructed from
observable o ense and record characteristics, rather than by judicial departures. For instance, being
convicted of two counts rather than one count of drug possession adds two points and can push a
defendant above the threshold (see the worksheet example in Appendix A). Selection on realized
sentences is not eliminated, meaning that we have not entirely removed judicial discretion from our
identifying variation. Simply comparing those above and below the sentence guidelines, without
conditioning on the realized sentence, would change our estimand to focus almost entirely on the
intensive margin of sentencing: an alternative research question that we do not explore in this paper.
But the mechanism generating the comparison group di ers. If judicial leniency toward defendants
on better trajectories drove our main estimates, we would expect smaller e ects here. The identifying
assumption is parallel trends in potential outcomes conditional on being within two points of the
threshold and on the realized sentence.

Appendix Table C.8 summarizes characteristics of the treatment and comparison groups under
this alternative design. The average prison sentence in the treatment group is 12.8 months (versus
15.6 months in our main analysis). The treatment group is 8 percentage points less likely to be female
than the comparison group and 15 percentage points more likely to face drug charges.

The results using this alternative approach are very similar to those from our main speci cation, as
shown in Table 4. We present graphical results for employment, homeownership, car ownership, and
post-secondary education in Figure 6, and for other outcomes in Appendix Figure C.18? Incarcera-
tion leads to a sharp drop in employment, earnings, and recidivism during the time of incarceration,
but we nd no evidence of post-release decline. By contrast, we nd lasting e ects of incarceration
on homeownership, car ownership, and college enrollment. Seven years after sentencing, incarceration
has reduced homeownership rates by 1.4 percentage points, representing a 12.8% decline relative to
the pre-sentencing mean of 0.109. Car ownership rates declined by 3.4 percentage points (21.0%, rela-
tive to a pre-sentencing mean of 0.162) and post-secondary education by 1.0 percentage point (10.0%,
relative to a pre-sentencing mean of 0.100§°

28An alternative approach would be to implement a regression discontinuity design that does not condition on realized
sentences. However, the 11.8 percentage points increase in the likelihood of a carceral sentence is quite small, making this
research design underpowered to study changes at the extensive margin.

29 Appendix Table C.9 presents estimates and standard errors.

30We show employment and recidivism outcomes up to 12 years post-sentencing in Table C.10. Again, we nd no evidence
of lasting negative e ects on these outcomes.
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6.3 Robustness to choice of sample

In our main speci cation, we focus on those who score up to 10 points above the cuto for a prison
recommendation. In Appendix Figure C.12, we show estimates for those within 10 pointdelow the
cuto for a prison recommendation and who are therefore recommended for either probation or short
jail sentences. On average, sentences for those incarcerated in this comparison are only 4.7 months
long, less than a third of the 15.6 months in our main speci cation3! Correspondingly, we see much
smaller treatment e ects, most of which are not statistically signi cant. However, if we limit the
treatment group to those sentenced to between one and four years (the average sentence for this group
is 17.5 months and more comparable to the main speci cation), the estimates become more similar to
the main sample estimates, particularly for home and car ownership.

Appendix Figure C.13 examines robustness to two sample restrictions that we made in our main
analysis: (1) excluding sentences longer than four years, and (2) excluding individuals under age 23
at sentencing. Including these groups allows us to test sensitivity to younger individuals (who may
be earlier in the process of their education or asset accumulation) and to longer incarceration spells
(which could produce more persistent incapacitation e ects). In the \all ages" sample, the average
age at sentencing drops from 36.0 to 31.4; in the \all sentences" sample, average incarceration length
among the incarcerated increases from 15.6 to 22.9 months, with 10% and 5% of defendants receiving
sentences over four and six years respectively. These changes substantially expand the sample, yet
the overall patterns remain consistent with our main speci cation. This suggests that our ndings are
not driven by these sample restrictions. Furthermore, the "all ages" sample shows larger declines in
post-secondary education attainment, which aligns with younger individuals being more likely to be
on the college enrollment margin.

We next explore whether our estimates for impacts on asset ownership are sensitive to issues of
matching to the data aggregator. To do so, we exploit the fact that one of the variables that the
data aggregator collects is the date of the person’'s most recent felony conviction. Since we also have
this date in our sentencing commission data, we are able to verify the match by comparing dates
(see Appendix B.3 for more details). Again, we nd very similar results among the subsamples with
di erent levels of match veri cation (Appendix Figure C.14).

Lastly, we show that our results are robust to matching choices. Appendix Figure C.15 compares
the main estimates to those which match on the risk assessment outcome (indicators for being risk
assessment-eligible and for receiving a diversion recommendation) in addition to o ense type and
sentencing score. Appendix Figure C.16 compares our main estimates to those without any matching.
In both comparisons, results are similar across all outcomes.

31As in our main analysis, we include only defendants with sentences of four years or less to ensure at least three years of
follow-up data after the original sentence has been served.
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7 Conclusion

This paper provides new quasi-experimental evidence on how incarceration a ects long-run economic
trajectories. We build a new panel dataset spanning 25 years that captures incarceration, recidivism,
employment and earnings, asset ownership, and college enrollment for felony defendants, based on
a combination of administrative and commercial data. Using a matched di erence-in-di erences de-
sign, we show that incarceration leads to persistent declines in asset ownership and human capital
accumulation|two key channels through which low-income individuals build wealth. While we nd

that incarceration leads to only temporary declines in employment and recidivism, it has lasting e ects

on homeownership, car ownership, and post-secondary education. The persistence of gaps in asset
accumulation and education, even after labor market outcomes recover, suggests that incarceration
a ects broader aspects of economic stability than those currently captured in the literature.

Taken together, our ndings indicate that the absence of lasting labor market scarring should not
be interpreted as evidence that incarceration has limited long-run e ects. Even relatively short prison
terms can disrupt wealth building in both physical assets and human capital. These e ects are partic-
ularly relevant given the concentration of incarceration in economically disadvantaged communities,
where they may reinforce existing disparities in wealth and mobility across generations (Andrews et
al., 2017; Finlay et al., 2023).
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Table 1: Summary statistics

Comparison group Treatment group Di erence

Mean Mean Mean di erence
Criminal proceeding
Months sentence 0.0 15.6 15.6
Pretrial detention 0.04 0.53 0.50***
Fine or restitution 0.30 0.36 0.06***
Sentence at least partially suspended 0.96 0.96 -0.00
Demographics
Age 36.1 35.9 -0.2
Black 0.46 0.46 -0.01
Female 0.25 0.18 -0.07***
Type of o ense
Robbery 0.02 0.02 -0.00
Drug 0.35 0.35 0.00
Assault 0.14 0.14 0.00
Larceny 0.10 0.10 -0.00
Criminal history
On probation/parole 0.35 0.36 0.02**
Past misdemeanor convictions 0.89 0.87 -0.01**
Number of cases 4,905 32,677
Outcomes year -1
Home owner 0.09 0.09 -0.00
Car owner 0.18 0.15 -0.03**
Employment 0.28 0.24 -0.04***
Earnings 5900 5296 -605*
Any post-secondary education 0.11 0.09 -0.02*

Note: This table presents summary statistics for matched observations in the treatment and comparison groups for the year
prior to sentencing. The rst two columns report means for the comparison group and treatment group, respectively. The
third column reports the di erence in means between the treatment and comparison groups. The treatment group comprises
those who were incarcerated for four years or less, while the comparison group comprises those who were not incarcerated, as
described in Section 4. Homeowner, car owner, employment, earnings, and any post-secondary education are measured in the
year prior to sentencing. The sample is restricted to individuals sentenced in 2001-2014 for homeownership, 2010-2014 for car
ownership, 2003-2012 for labor market outcomes, and 2005-2013 for post-secondary education. The number of cases for the
comparison and treated groups are: 1,635 vs. 11,454 for car ownership; 3,451 vs. 23,442 for yearly earnings and employment;
and 3,040 vs. 21,124 for post-secondary education. We include only defendants who had no prior felony convictions, were
recommended for prison (worksheet score between 0 and 9), and were at least 23 years old at sentencing. Signi cance levels
for the test of equality between treatment and comparison group means are indicated by * p< 0.10, ** p < 0.05, and *** p

< 0.01.
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Table 2: Main speci cation: e ects of incarceration on labor market outcomes, recidivism, assets, and human
capital accumulation

Di -in-Di estimates

Recent Any post-secondary
Incarcerated Employed Earnings felony charge Homeowner Car owner education
Year 1 0.916**  -0.081*** -2,237**  -0.036%** -0.002 -0.015** -0.015%**
(0.004) (0.008) (296) (0.008) (0.003) (0.006) (0.004)
Year 5 0.007 0.019** 173 -0.002 -0.012** -0.023** -0.018***
(0.005) (0.009) (345) (0.008) (0.005) (0.010) (0.005)
Year 7 0.017*** 0.016* 121 0.001 -0.012** -0.027** -0.016***
(0.005) (0.009) (329) (0.007) (0.005) (0.011) (0.006)
E[Y 4D =1] 0.001 0.241 5,296 0.079 0.091 0.149 0.092
p-value joint F-test 0.767 0.601 0.365 0.650 0.770 0.415 0.986
Total obs. 298,682 215,144 215,144 170,024 299,984 104,040 193,312
N cases 37,419 26,893 26,893 21,253 37,582 13,089 24,164

Note: This table presents estimates from a matched di erence-in-di erences speci cation, where individuals are matched on

0 ense type and sentencing score. The treatment group comprises those who were incarcerated for four years or less, while
the comparison group comprises those who were not incarcerated, as described in Section 4. We present the data for three
post-sentencing years: year 1 after sentencing, which captures some incapacitation from treatment, and year 5 and year 7,
which capture post-release e ects. Estimates of counterfactual means for the treated groug[Y;(0)jD = 1] in each year are
shown in square brackets.E[Y 1jD = 1] denotes the mean outcome in the treatment group in the year before sentencing. The
sample is restricted to individuals sentenced in 2001-2014 for incarceration and homeownership, 2003-2012 for labor market
outcomes, 2004-2012 for recent felony charges, 2010-2014 for car ownership, and 2005-2013 for post-secondary education. We
include only defendants who had no prior felony convictions, were recommended for prison (worksheet score between 0 and
9), and were at least 23 years old at sentencing. Standard errors are clustered at the individual level and are reported in
parentheses. Signi cance levels are indicated by * p< 0.10, ** p < 0.05, and *** p < 0.01.
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Table 3: E ects of longer prison sentences (4-7 years) on labor market outcomes and recidivism

Di -in-Di estimates

Recent
Incarcerated Employed Earnings felony charge
Year 1 0.948*** -0.225***  -3,469***  -0.083***
(0.012) (0.026) (872) (0.018)
Year 8 0.017 0.022 2,173** -0.026
(0.014) (0.027) (973) (0.018)
Year 12 0.002 0.017 2,173** -0.031*
(0.016) (0.026) (901) (0.018)
E[Y 4jD =1] 0.002 0.231 4,147 0.094
p-value joint F-test 0.328 0.581 0.215 0.072
Total obs. 580,032 321,336 321,336 222,948
N cases 32,224 17,852 17,852 12,386

Note: This table presents estimates from a matched di erence-in-di erences speci cation, where individuals are matched on

0 ense type and sentencing score. The treatment group comprises those who received a 4-7 year prison sentence, while the
comparison group comprises those who were not incarcerated, as described in Section 5.2. We present the data for three
post-sentencing years: year 1 after sentencing, which captures some incapacitation from treatment, and year 8 and year 12,
which capture post-release e ects. Estimates of counterfactual means for the treated groug[Y;(0)jD = 1] in each year are
shown in square brackets.E[Y 3jD = 1] denotes the mean outcome in the treatment group in the year before sentencing.
The sample is restricted to individuals sentenced in 2001-2009 for incarceration, 2003-2007 for labor market outcomes, and
2004-2007 for recent felony charges. We include only defendants who had no prior felony convictions and were at least 23
years old at sentencing. Standard errors are clustered at the individual level and are reported in parentheses. Signi cance
levels are indicated by * p< 0.10, ** p < 0.05, and *** p < 0.01.
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Table 4: Alternative research design: e ects of incarceration on labor market outcomes, recidivism, assets, and
human capital accumulation

Di -in-Di estimates

Recent Any post-secondary
Incarcerated Employed Earnings felony charge Homeowner Car owner education

Year 1 0.879**  -0.041** -1,759**  -0.040*** -0.008**  -0.019*** -0.004

(0.004) (0.008) (302) (0.009) (0.003) (0.006) (0.003)
Year 5 0.010** 0.013 525 0.005 -0.019***  -0.034*** -0.009*

(0.005) (0.009) (354) (0.008) (0.005) (0.010) (0.004)
Year 7 0.016*** 0.004 307 0.006 -0.014** -0.034*** -0.010**

(0.005) (0.009) (368) (0.008) (0.006) (0.011) (0.005)
E[Y 4D =1] 0.000 0.248 5,861 0.056 0.109 0.162 0.100
p-value joint F-test 0.499 0.609 0.502 0.347 0.243 0.888 0.906
Total obs. 105,652 76,824 76,824 60,336 106,092 38,740 70,064
N cases 13,239 9,603 9,603 7,542 13,294 4,875 8,758

Note: This table presents the estimates from the di erence-in-di erences speci cation in which we de ne treatment as those
who score right abovethe cuto for a prison sentence and were incarcerated for four years or less, and comparison as those
who score right below the cuto and were not incarcerated, as described in Section 6.2. We present the data for three post-
sentencing years: year 1 after sentencing, which captures some incapacitation from treatment, and year 5 and year 7, which
capture post-release e ects. Estimates of counterfactual means for the treated groug[Y;(0)jD = 1] in each year are shown

in square brackets. E[Y 31jD = 1] denotes the mean outcome in the treatment group in the year before sentencing. The
sample is restricted to individuals sentenced in 2001-2014 for incarceration and homeownership, 2003-2012 for labor market
outcomes, 2004-2012 for recent felony charges, 2010-2014 for car ownership, and 2005-2013 for post-secondary education. We
include only defendants who had no prior felony convictions and were at least 23 years old at sentencing. Standard errors
are clustered at the individual level and are reported in parentheses. Signi cance levels are indicated by * g 0.10, ** p <
0.05, and ** p < 0.01.
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Figure 1. Homeownership rates among our sample compared to Virginia households, by age

Note: This gure compares homeownership for our sample of defendants to homeownership for Virginia household heads,
sorted by age. We include only defendants who were sentenced between 2001 and 2014, had no prior felony convictions, were
recommended for prison (worksheet score between 0 and 9), either not incarcerated or incarcerated for four years or less,
and at least 23 years old at sentencing. Data for other Virginia residents come from the ACS 5-year estimates for heads of
households. The period of comparison is 2013-2023.
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Figure 2. Exposure to incarceration on felony sentences

(@) (b)

Note: The gure on the left shows average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gure
on the right shows matched di erence-in-di erences estimates. The outcome is incarceration on a felony sentence, including
future felony convictions. The sample is restricted to individuals sentenced in 2001-2014. We include only defendants who
had no prior felony convictions, were recommended for prison (worksheet score between 0 and 9), and were at least 23 years
old at sentencing. Standard errors are clustered at the individual level; the 95% con dence interval is shown in the whisker
bar. Estimates and standard errors are shown in Appendix Table C.1.
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Figure 3: Main speci cation: e ects of incarceration on employment, earnings, and recidivism

(@) (b)

(©) (d)

(e) ()

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gures
on the right show matched di erence-in-di erences estimates. We focus on labor market outcomes and on prior and future
felony charges, excluding the focal felony charges that de ne treatment. The sample is restricted to individuals sentenced
in 2003-2012 for labor market outcomes and 2004-2012 for recent felony charges. We include only defendants who had no
prior felony convictions, were recommended for prison (worksheet score between 0 and 9), and were at least 23 years old at
sentencing. Standard errors are clustered at the individual level; the 95% con dence interval is shown in the whisker bar.
Estimates and standard errors are shown in Appendix Table C.1.
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Figure 4. E ects of longer prison sentences (4-7 years) on employment, earnings, and recidivism

(a) (b)

(©) (d)

(e) Q)

Note: The gures on the left show average outcomes for those who received a 4-7 year prison sentence versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 5.2. The
gures on the right show di erence-in-di erences estimates. We focus on labor market outcomes and on prior and future
felony charges, excluding the focal felony charges that de ne treatment. The sample is restricted to individuals sentenced in
2003-2007 for labor market outcomes and 2004-2007 for recent felony charges. We include only defendants who had no prior
felony convictions and were at least 23 years old at sentencing. Standard errors are clustered at the individual level; the 95%
con dence interval is shown in the whisker bar. Estimates and standard errors are shown in Appendix Table C.5.
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Figure 5. Main speci cation: e ects of incarceration on assets and human capital accumulation

(@) (b)

(©) (d)

(e) ()

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gures

on the right show matched di erence-in-di erences estimates. We focus on our three measures of assets and human capital.

The sample is restricted to individuals sentenced in 2001-2014 for homeownership, 2010-2014 for car ownership, and 2005-
2013 for post-secondary education. We include only defendants who had no prior felony convictions, were recommended for
prison (worksheet score between 0 and 9), and were at least 23 years old at sentencing. Standard errors are clustered at
the individual level; the 95% con dence interval is shown in the whisker bar. Estimates and standard errors are shown in

Appendix Table C.1.
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Figure 6: Alternative speci cation: e ects of incarceration on employment, assets, and human capital accumu-
lation

(@) (b)

(c) (d)

(e) )

) (h)

Note: Figures on the left show average outcomes for individuals who score righdbovethe cuto for a prison sentence and
were incarcerated for four years or less versus those who score rightlowthe cuto and were not incarcerated, as described in
Section 6.2. The gures on the right show di erence-in-di erences estimates. The sample is restricted to individuals sentenced

in 2003-2012 for employment, 2001-2014 for homeownership, 2010-2014 for car ownership, and 2005-2013 for post-secondary
education. We include only defendants who had no prior felony convictions and were at least 23 years old at sentencing.
Standard errors are clustered at the individual level; the 95% con dence interval is shown in the whisker bar. Estimates and
standard errors are shown in Appendix Table C.9.
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ONLINE APPENDIX
Revisiting the Lasting Impacts of Incarceration

John Eric Humphries, Gecile Macaire, Auelie Ouss,
Megan T. Stevenson & Winnie van Dijk

) Humphries: Department of Economics, Yale University and NBER. Macaire: Department of Economics, New York University. Ouss: Depart-
ment of Criminology, University of Pennsylvania and NBER. Stevenson: Law School, University of Virginia. van Dijk: Department of Economics,
Yale University and NBER.
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B Additional details on data construction

B.1 Data sources

Virginia Criminal Sentencing Commission (VCSC) data. The VCSC provided a dataset that
contains information on individuals in Virginia sentenced for a felony. This data includes records
on almost all people convicted of a felony in Virginia from 1995 to 2020. This dataset includes
information on the charge(s) of conviction, date of sentencing, sentence imposed for this conviction,
guidelines-recommended sentence, points accrued on each item in a worksheet, and total worksheet
scores.

Data aggregator. The data aggregator collects data for two purposes: for marketing purposes (it
allows companies to target individuals for advertising or special o ers); and to develop alternative
credit scores for use in automotive, telecommunications, payday lending, and banking industries. The
data is collected both at the individual level and at the household level. Household members include
anyone living at the same address at one time, including the individual.

Virginia court data. Circuit Court records are available for all but two judicial circuits (Alexandria

and Fairfax) from lings between 2000 and 2019. While they contain 0 enses dating as far back as
1995, there are far fewer records before 1999. This data source provides race and gender. It also pro-
vides our recidivism measure, new felony charges in Circuit Court. We obtain data on misdemeanor
sentences and pretrial detention from Virginia's District Courts, using the same matching variables.
District Court data are available from 2007-2019 lings, with o ense records also dating back to 1995,
but being sparse pre-2008.

Employment data.  We obtain formal sector earnings and employment data from the Virginia Em-
ployment Commission (VEC), which maintains records on all W-2 income reported by employers in
the state of Virginia. These data are observed at a quarterly frequency from the rst quarter of 1998
through the last quarter of 2019. We de ne earnings as total W-2 wage income reported by employers
in the state. We use the Consumer Price Index to adjust earnings so that they are in 2009 dollars.

College data. We obtain data on college enrollment from the State Council of Higher Education in
Virginia (SCHEV), which maintains records on all public schools and most private, nonpro t schools
within the state. SCHEV collects data on all institutions where students are eligible for Virginia
Tuition Assistance Grants, which includes all public institutions and all private institutions whose
primary place of business is Virginia. The data includes information on in-prison education admin-
istered by community and state colleges. These data are observed at a quarterly frequency from the
second half of 2000 to the rst quarter of 2020.

Property value data. ~ We obtain data on property values for defendants who were homeowners in the
year before sentencing from CorelLogic yearly property tax records. Tax records are available for over
70% of the properties identi ed in CoreLogic from 2009 to 2024, which constitutes our analysis period.

»VCSC does not collect data on people convicted of the type of felonies that do not have guidelines-recommended sentences,
but these felonies are rare.
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B.2 Matching procedures

VCSC to data aggregator. This was completed by the data aggregator using a proprietary
matching procedure which matched on rst and last name, birth month and year, and the last
four numbers of the social security number.

VCSC to Virginia court data. Below is a description of how we match the sentencing com-
mission data with court data:

" We match the VCSC case records to the Circuit Court records using the fuzzy matching
method developed by Enamorado et al. (2019) and match on rst name, last name, middle
initial, birth month, o ense date, and FIPS code. We drop Alexandria and Fairfax as they
are not in the Circuit Court data. For cases sentenced from 1999 onwards and in circuits
for which a match is feasible, our match rate is 89%.

We use the same matching method to match the VCSC data to District Court data. All
circuits are included in the data and matching process.

VCSC to VEC (employment) data. Below is a description of the matching process used to
match the sentencing commission data with employment data:

~

Employment data: rst match attempt based on
{ rst ve letters of last name
{ rstfour letters of rst name
{ last four digits of social security number
{ month and year of birth

For defendants who did not have a match yet, a second matching procedure was completed
using the following variables:

" Employment data: second match attempt based on
{ rstletter of rst name
{ full last name
{ last four digits of social security humber
VCSC to SCHEV (college education) data. Below is a description of the matching process
used to match the sentencing commission data with education data:

~

Education data: rst match attempt based on
{ full last name
{ rstthree letters of rst name
{ rstletter of middle name
{ month and year of birth
{ last four digits of social security number

For defendants who did not have a match yet, a second matching procedure was completed
using the following variables:

" Education data: second match attempt based on
{ full last name
{ rstfour letters of rst name
{ rst letter of middle name
{ month and year of birth
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For defendants who did not have a match yet, a third and nal matching procedure was
completed using the following variables:

Education data: third match attempt based on
{ rst ve letters of last name
{ rstfour letters of rst name
{ last four digits of social security number

~

VCSC to CorelLogic (property values) data. Below is a description of the matching pro-
cess used to match the sentencing commission data to property tax records:

" We match defendants who owned a home in the year before sentencing to their property
tax records in CoreLogic based on rst and last name, middle name or initial, zip code of
their address in Circuit Court records, and year of defendant's homeownership/ CorelLogic
record. We match over multiple phases, with each subsequent one relaxing the requirements
on matching variables. We are able to nd matches for 71% of such defendants, with nearly
identical match rates for those who receive carceral (71.25%) and non-carceral sentences
(70.75%).

B.3 Assessing match quality and potential measurement error

To assess the potential for measurement error due to imperfect matches with outcomes from the data
aggregator, we compare conviction dates from the data aggregator to those recorded in the sentencing
commission data.

The data aggregator provides the date of the most recent felony conviction, which we compare to
that appearing in the sentencing commission data, since all individuals in our main sample have at
least one felony conviction. This comparison enables us to construct simple match-veri cation metrics.

We have a conservative and an inclusive measure of match veri cation. The conservative criterion
restricts the sample to defendants whose sentencing date in the sentencing commission data falls within
two months of a felony conviction in any of the snapshot years provided by the data aggregator (most
are exact). The inclusive criterion also includes those whose sentencing commission sentencing date
is within two months of a misdemeanor conviction, or one year of a felony conviction, as recorded by
the data aggregator. Court records often involve multiple charges, both misdemeanors and felonies,
that may be resolved on di erent dates. Given this inherent complexity, we consider the inclusive
veri cation standard to still provide strong evidence of a valid match.

One caveat with this approach is that our data aggregator is missing criminal justice data from
certain judicial circuits and years. For these circuit-years, we cannot verify the match with this
method.

In our main sample, the conservative match-veri cation rate is 72% and 89% for the inclusive
match veri cation. These high match rates|especially under the inclusive standard|are reassuring
with respect to data quality.

Importantly, excluding cases without a veri ed felony match in the data aggregator has no material
e ect on our estimates. Appendix Figure C.14 shows that estimated e ects are nearly identical across
the full sample and the two subsamples that satisfy the conservative and inclusive match-veri cation
test. This reinforces con dence that measurement error due to mismatches is unlikely to drive our
main ndings.
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B.4 Sample construction

This section details the data construction and cleaning process as well as the matching procedure
implemented between the various raw datasets described above.

We begin with the sample of 580,323 conviction records from the VCSC between 1995 and 2020.

" Data merging. First, we match the VCSC data to our data aggregator and to Virginia court
records. The aggregator provides eight \snapshot" years of data centered around the sentencing
date: years -5, -3, -1, 0, 1, 3, 5, and 7. After merging, we obtain a panel of 4,642,584 observations
corresponding to the original 580,323 cases.

Invalid archive data. We then drop all cases with invalid archive dates, that is, cases where the
archive date falls after the end of data availability. After this cut, we are left with 580,009 cases.

Yearly variable construction. We construct yearly earnings and education variables from unbal-
anced panel data. For earnings, we start with administrative quarterly records. We collapse to
a single earnings value per person-quarter. We then merge in the dates of sentencing from the
VCSC data and create a quarterly time variable that is relative to the date of sentencing, such
that quarter O contains the sentencing date. This creates a panel of earnings information by
defendant-sentence-quarter. We construct an indicator for employment, which is equal to one
if the individual has any positive earnings in that quarter. We then construct yearly variables:
employment is equal to one if the individual had any employment in the previous year, and earn-
ings are the total yearly earnings. These are used for the regression tables. A parallel procedure
is applied to our post-secondary education data. The data is at the semester level and covers
spring, summer, and fall semesters. We convert the data to the quarterly level where spring,
summer, and fall semesters correspond to quarters 2, 3, and 4 respectively. We then construct
a quarterly variable indicating any post-secondary education received that is equal to one if the
individual is awarded a credit in that quarter or any prior quarter. We construct a yearly post-
secondary education variable that is equal to one if the individual received any post-secondary
education that year or prior years. We merge this yearly data into the main data set for use in
regression tables.

First felony restriction. Next, we restrict the sample to individuals for whom this is a rst felony
conviction, as recorded in both the sentencing commission and the data aggregator. This step
reduces the sample to 332,101 cases (57% of total valid cases).

Age restriction. We further restrict to individuals who were at least 23 years old at sentencing,
ensuring that we observe ve years of adult pre-sentencing data. This leaves 242,286 cases (73%
of previous cases).

Score and sentence restriction. Finally, we retain only individuals who were recommended for
prison, had a sentencing score within 10 points above the threshold for a prison recommendation,
and, if incarcerated, received a sentence of no more than four years. These restrictions result in
64,003 cases remaining (26% of previous cases).

Lastly, we note that our outcome data are not available for all years. For our main analyses, we want
to make sure that we observe everyone for at least ve years before the focal sentencing date, and for
at least seven years after. We limit observation years to match available data:

~ For exposure to incarceration, we include individuals sentenced between 2001 and 2014, which
represents 37,419 cases. When including pretrial detention, probation revocations, and misde-
meanor sentences, we include individuals sentenced between 2012 and 2014 only, representing
7,667 cases.
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For labor market outcomes, we include individuals sentenced between 2003 and 2012, which
represents 26,893 cases.

For recent felony charge from the Virginia Circuit Court data, we include individuals sentenced
between 2004 and 2012, which represents 21,253 cases.

For homeownership, we include individuals sentenced between 2001 and 2014, which represents
37,582 cases.

For car ownership, we include individuals sentenced between 2010 and 2014, which represents
13,089 cases.

For post-secondary education, we include individuals sentenced between 2005 and 2013, which
represents 24,164 cases.

B.5 Main variables

Incarceration. We de ne an individual as receiving a carceral sentence if their sentence includes
some prison or jail time.

Sentencing score.Numerical value assigned to a defendant based on the severity of their current
0 ense and their prior criminal record. This score determines the sentencing recommendation
under the Virginia sentencing guidelines. We have normalized it so that those who score 0 and
above receive a recommendation for prison.

Recidivism. Our yearly recidivism variable is de ned as receiving a felony charge in Circuit Court

for a new o ense alleged to have been committed within the previous 12 months. This measure
does not include revocations unless these are also accompanied by a new felony charge for a new
crime.

Prior conviction ag. We de ne someone as having a prior felony conviction if they had a prior
felony conviction either in the sentencing commission data, or according to the data aggregator.
This captures felony convictions not only in Virginia, but also in the rest of the United States.

Black. Race of the defendant as de ned in the Virginia Circuit Court data. Almost all of
the individuals for whom race information is available are labeled either \Black" or \White."
Ethnicity is not available.

Female. Gender of the defendant as de ned in the Virginia Circuit Court data.

Employment. We de ne an individual as being employed in quarter X if they appear in the
Virginia Employment Commission database as having reported positive W-2 income in that
quarter.

Earnings. We de ne earnings in quarter X as the total wage income reported in a W-2 that
guarter, as re ected in the Virginia Employment Commission database. We use the Consumer
Price Index to adjust earnings so that they are in 2009 dollars.

Post-secondary education.We de ne an individual as having obtained any post-secondary edu-
cation by quarter X if they have obtained at least one higher education credit in that quarter or
a previous one.

Homeownership. This is de ned as an individual having a deed in their name or having paid
property taxes for a property in their name in the relevant year.
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Car ownership. This is de ned as an individual having ever previously been on le at a car
dealership, or patronized an oil change company or a repair shop.

Household member. This includes the individual who received a felony conviction as well as
anyone who has shared an address with them up to that date.

Under 23. An indicator for whether the defendant is under 23 years of age at sentencing. Since
our data does not have the exact birth date, we de ne age approximately as the sentence year
minus the birth year.

Home values: CorelLogic. The values come from parcel-level property tax data, sourced from
public county records. We consider both nominal values and real values, in 2009 dollars.

C Additional gures and tables
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Figure C.1: Sentencing score distribution and sentencing outcomes

(a) Distribution of sentencing scores (b) Fraction with carceral sentences by score

(c) Average sentence length by score (carceral only) (d) Average sentence length by score (all defendants)

Note: This gure presents key patterns in sentencing scores and sentence outcomes, with sentencing scores truncated at the
99th percentile. Panel (a) shows the distribution of sentencing scores. Panel (b) shows the fraction of individuals receiving
carceral sentences by score. Panel (c) shows average sentence length by score for carcerally sentenced individuals only, while
Panel (d) includes all defendants, with non-carceral sentences counting as zero. The sample is restricted to individuals
sentenced between 2001 and 2014, with no prior felony convictions, and aged at least 23 years old at sentencing.
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Figure C.2: Various measures of exposure to incarceration centered around sentencing date

(a) Incarceration on felony sentences (2001-2014) (b) Incarceration on felony sentences (2001-2014)

(c) Only felony sentences (2012-2014) (d) Only felony sentences (2012-2014)

(e) Including pretrial detention, probation revo- (f) Including pretrial detention, probation revo-
cation, and misdemeanor sentences (2012-2014) cation, and misdemeanor sentences (2012-2014)

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gures
on the right show matched di erence-in-di erences estimates. All gures are centered around the date of the sentencing.
The top row shows incarceration on a felony sentence for the full main speci cation sample sentenced in 2001-2014. For the
bottom two rows, the sample is restricted to individuals sentenced in 2012-2014. The middle row includes only incarceration
on a felony sentence, while the bottom row additionally includes pretrial detention, probation revocation, and misdemeanor
sentences. We include only defendants who had no prior felony convictions, were recommended for prison (worksheet score
between 0 and 9), and were at least 23 years old at sentencing.
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Figure C.3: Various measures of exposure to incarceration: centering the analysis around o ense date instead of
sentencing date

(a) Centered around o ense date: Only felony (b) Centered around o ense date: Only felony
sentences (2001-2014) sentences (2001-2014)

(c) Centered around o ense date: Only felony sen- (d) Centered around o ense date: Only felony

tences (2012-2014) sentences (2012-2014)

(e) Centered around o ense date: Including pre- (f) Centered around o ense date: Including pre-
trial detention, probation revocation, and misde- trial detention, probation revocation, and misde-
meanor sentences (2012-2014) meanor sentences (2012-2014)

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gures
on the right show matched di erence-in-di erences estimates. All gures are centered around the date of the o ense rather
than the date of sentencing. The rst row shows incarceration on a felony sentence for the full main speci cation sample
sentenced in 2001-2014. For the second two rows, the sample is restricted to individuals sentenced in 2012-2014. The middle
row includes only incarceration on a felony sentence, while the bottom row additionally includes pretrial detention, probation
revocation, and misdemeanor sentences. We include only defendants who had no prior felony convictions, were recommended
for prison (worksheet score between 0 and 9), and were at least 23 years old at sentencing.
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Figure C.4: Labor market outcomes for those with steady employment prior to sentencing

(&) Employment

(b) Earnings

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The
gures on the right show matched di erence-in-di erences estimates. The sample includes only those defendants with steady
employment pre-sentencing. Steady employment refers speci cally to defendants who were employed for at least 7 quarters
out of 8 between years -3 and -1.25 inclusive pre-sentencing. The sample is restricted to individuals sentenced in 2003-2007.
We include only defendants who had no prior felony convictions, were recommended for prison (worksheet score between 0

and 9), and were at least 23 years old at sentencing.
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Figure C.5: Homeownership e ects by prior homeownership status

(&) No homeownership at any point before sentencing

(b) Owned a home at some point before sentencing

Note: The gures on the left show average outcomes for those who were incarcerated versus a matched sample of those not
incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The gures on the right show
matched di erence-in-di erences estimates. These gures compare the impact of incarceration on homeownership among
those who did/did not own a home prior to sentencing. \No homeownership at any point before sentencing” restricts the
sample to defendants whodid not own a house at any point prior to the sentencing date. Conversely, \Owned a home at
some point before sentencing” restricts the sample to defendants whowned a house at some point before sentencing. The
sample is restricted to individuals sentenced in 2001-2014. We include only defendants who had no prior felony convictions,
were recommended for prison (worksheet score between 0 and 9), and were at least 23 years old at sentencing.
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Figure C.6: Impacts of incarceration on household-level home and car ownership

(&) Homeownership

(b) Car ownership

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less, versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. Outcomes
are shown at the household level; they include the person who was sentenced for a felony as well as their household members,
de ned as individuals who shared their address at some point in time. The gures on the right show matched di erence-in-

di erences estimates. The sample is restricted to individuals sentenced in 2001-2014 for homeownership and 2010-2014 for
car ownership. We include only defendants who had no prior felony convictions, were recommended for prison (worksheet
score between 0 and 9), and were at least 23 years old at sentencing.
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Figure C.7: Evolution of home values: felony-conviction sample vs. Virginia homes

Note: This gure shows the evolution over time of the tax-assessed value of homes owned by defendants in year -1 relative
to sentencing in our sample, compared to a sample of homes in Virginia. Values come from CorelLogic and are presented in
2009 dollars. The green line is for homes owned by defendants with a felony conviction in our sample, the light purple line is
for a random sample of Virginia homes, and the dark purple line is for a zip-code weighted random sample of Virginia homes.
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Figure C.8: Heterogeneity by prior felony convictions

@)
(b) (© (d)
(e) () (9)

Note: These gures depict the results of di erence-in-di erence analyses examining the impact of incarceration depending on
prior conviction status. Both speci cations compare defendants incarcerated for four years or less against non-incarcerated
defendants matched on o ense type and sentencing score, as described in Section 4. The \No prior conviction" speci cation
(blue circles) includes only defendants who had no prior felony convictions. The \Has prior conviction" speci cation (pink
diamonds) includes only defendants who had at least one prior felony conviction. The sample is restricted to individuals
sentenced in 2001-2014 for incarceration and homeownership, 2003-2012 for labor market outcomes, 2004-2012 for recent
felony charges, 2010-2014 for car ownership, and 2005-2013 for post-secondary education. We include defendants who were
recommended for prison (worksheet score between 0 and 9) and were at least 23 years old at sentencing. Standard errors are
clustered at the individual level; the 95% con dence interval is shown in the whisker bar.
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Figure C.9: Heterogeneity by race
(a)

(b) (©) (d)

(e) () (9)

Note: These gures depict the estimates from di erence-in-di erence analyses examining the impact of incarceration depend-

ing on race. Both speci cations compare defendants incarcerated for four years or less against non-incarcerated defendants
matched on o ense type and sentencing score, as described in Section 4. The \Black" speci cation (blue circles) includes
only Black defendants, while the \White" speci cation (grey triangles) includes only White defendants. Almost everyone

in our data is labeled Black or White. The sample is restricted to individuals sentenced in 2001-2014 for incarceration and
homeownership, 2003-2012 for labor market outcomes, 2004-2012 for recent felony charges, 2010-2014 for car ownership, and
2005-2013 for post-secondary education. We include only defendants who had no prior felony convictions, were recommended
for prison (worksheet score between 0 and 9), and were at least 23 years old at sentencing. Standard errors are clustered at
the individual level; the 95% con dence interval is shown in the whisker bar.
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Figure C.10: Alternative research design: the impact of incarceration on earnings and recidivism

(@) (b)

(c) (d)

Note: Figures on the left show average outcomes for individuals who score rightbovethe cuto for a prison sentence and
were incarcerated for four years or less versus those who score rightlow the cuto and were not incarcerated, as described

in Section 6.2. The gures on the right show di erence-in-di erences estimates. The sample is restricted to individuals
sentenced in 2003-2012 for labor market outcomes and 2004-2012 for recent felony charges. We include defendants who had
no prior felony convictions and were at least 23 years old at sentencing. Estimates and standard errors are shown in Appendix

Table C.9
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Figure C.11: E ects of incarceration on employment, earnings, and any post-secondary education: centering
around o ense date instead of sentencing date

(@) (b)

(c) (d)

(e) )

Note: The gures on the left show average outcomes for those who were incarcerated for four years or less, versus a matched
sample of those not incarcerated, with matching on o ense type and sentencing score, as described in Section 4. The
gures on the right show matched di erence-in-di erences estimates. Quarter 0 is the quarter in which the alleged o ense
was committed, instead of the quarter in which the defendant was sentenced, as in our main speci cation. The sample is
restricted to individuals sentenced in 2003-2012 for labor market outcomes and 2005-2013 for post-secondary education. We
include only defendants who had no prior felony convictions, were recommended for prison (worksheet score between 0 and
9), and were at least 23 years old at sentencing.
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Figure C.12: Robustness: matched di erence-in-di erences among those who received a recommendation for jail
or probation

@)
(b) (© (d)
(e) ) (9)

Note: These gures show matched di erence-in-di erences estimates for those who received di erent sentencing recommen-
dations. All speci cations compare those who were incarcerated against non-incarcerated defendants matched on o ense type
and sentencing score, as described in Section 4. The main speci cation, which includes only defendants recommended for
prison (worksheet score between 0 and 9), is compared with two speci cations restricted to defendants who were recommended
for jail or probation (worksheet score between -10 and -1). In the \Main" speci cation (blue circles), treatment includes
those who were incarcerated for four years or less; the average incarceration length is 15.6 months. In the speci cation \Score
-10/-1" (green diamonds), treatment is similarly de ned; the average incarceration length is 4.7 months. In the speci cation
\Score -10/-1, incarceration 12 months" (purple triangles), treatment includes only those who were incarcerated for one

to four years inclusive; the average incarceration length is 17.5 months. The sample is restricted to individuals sentenced in
2001-2014 for incarceration and homeownership, 2003-2012 for labor market outcomes, 2004-2012 for recent felony charges,
2010-2014 for car ownership, and 2005-2013 for post-secondary education. We include only defendants who had no prior
felony convictions and were at least 23 years old at sentencing. Standard errors are clustered at the individual level; the 95%
con dence interval is shown in the whisker bar.
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Figure C.13: Robustness: dropping restrictions on age and on length of incarceration
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Note: These gures show matched di erence-in-di erences estimates for samples with relaxed restrictions on sentence length
and age. All speci cations compare those who were incarcerated against non-incarcerated defendants matched on o ense type
and sentencing score, as described in Section 4. The \Main" speci cation (blue circles) shows our main results, which limits

to those at least 23 years of age at sentencing and de nes treatment as a carceral sentence of four years or less. In the \All
sentences" speci cation (beige diamonds), treatment includes all who were incarcerated, regardless of the sentence length;
the mean incarceration length is 21.4 months. The sample is still limited to those who are at least 23 years old at sentencing.
In the \All ages" speci cation (grey triangles), the sample includes defendants of all ages, with an average age of 31.4 years,
but treatment is still limited to those sentenced to four years or less of incarceration. The sample is restricted to individuals
sentenced in 2001-2014 for incarceration and homeownership, 2003-2012 for labor market outcomes, 2004-2012 for recent
felony charges, 2010-2014 for car ownership, and 2005-2013 for post-secondary education. We include only defendants who
had no prior felony convictions and were at least 23 years old at sentencing. Standard errors are clustered at the individual
level; the 95% con dence interval is shown in the whisker bar.
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Figure C.14: Robustness: subsamples with match veri cation
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Note: These gures show matched di erence-in-di erences estimates depending on match veri cation. All speci cations
compare those who were incarcerated for four year or less against non-incarcerated defendants matched on o ense type and
sentencing score, as described in Section 4. The \Main" speci cation (blue circles) shows our main results. The \Veri ed
match conservative" speci cation (brown triangles) includes only defendants whose date of felony conviction matches within
two months across the sentencing commission data and aggregator data (most are exact). The \Veri ed match inclusive"
(beige diamonds) also includes those whose date of conviction is within two months but are labeled in the aggregator data
as a misdemeanor instead of a felony, as well as those whose date of felony conviction is within one year across the two data
sets. The sample is restricted to individuals sentenced in 2001-2014 for incarceration and homeownership, 2003-2012 for
labor market outcomes, 2004-2012 for recent felony charges, 2010-2014 for car ownership, and 2005-2013 for post-secondary
education. We include only defendants who had no prior felony convictions, were recommended for prison (worksheet score
between 0 and 9), and were at least 23 years old at sentencing.Standard errors are clustered at the individual level; the 95%
con dence interval is shown in the whisker bar.
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