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Abstract

We examine how a criminal record and its collateral consequences affect women’s health di-
rectly and through interconnected life-cycle behaviors: employment, welfare participation, and
schooling /training. We estimate correlated dynamic equations for these behaviors, criminal
justice interactions (charges, convictions, and incarceration), and general and mental health
outcomes, exploiting exogenous variation in time- and location-specific prices, policies, and
supply conditions for identification. Using longitudinal data on disadvantaged women sur-
veyed at non-uniform intervals, our econometric approach addresses endogeneity, selection,
and non-random missingness of lagged explanatory variables to identify causal direct and
indirect impacts. We simulate health and behavior impacts of different criminal record his-
tories, offering new insight into how record-based penalties reverberate across women’s lives
over time. We find that criminal justice involvement may simultaneously constrain access to
labor market opportunities while also altering engagement with formal support systems and
human capital investments among disadvantaged women. Additionally, the health effects of
these behaviors vary by prior health — employment benefits women who are not depressed but
harms those with depression while schooling/training has the opposite effects — highlighting
the importance of aligning reentry support with individual health status. Policy scenarios
that eliminate some collateral consequences yield modest long-run health changes that vary
by initial health.
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1 Introduction

Over the past two decades, tens of millions of Americans have acquired a criminal record,
often from low-level offenses that do not result in incarceration. For many, especially dis-
advantaged women, these records impose a range of legal and social penalties that extend
beyond formal sentencing (i.e., prison, fines, or probation). These secondary, or “collateral”
criminal conviction-related consequences include restricted access to employment, public as-

sistance, and education, each of which are key social determinants of health.

Despite growing recognition of these indirect penalties, we know little about how criminal
records shape long-term health outcomes, particularly among women. Most existing stud-
ies focus on health conditions during incarceration or on victims of crime, overlooking the
broader population affected by criminal justice contactH Yet, one in three U.S. adults has
some form of criminal record, and disadvantaged women — often juggling caregiving respon-
sibilities, low-wage jobs, and poor baseline health — are especially vulnerable to its ripple

effects (Kneipp 2000; Kneipp et al. 2013)).

In this paper, we investigate how criminal records affect women’s health through both direct
and indirect pathways. Using the responses of nearly 5,000 primarily disadvantaged women
(i.e., those who are racial/ethnic minorities, and/or poor, and/or lower-educated) in large
U.S. cities collected in non-uniform intervals by the Future of Families and Child Wellbeing
(FF) Study, we construct annual behavioral and criminal histories over 13 years. Among
this group of women (who are also mothers), the most common criminal behaviors are low-
level misdemeanor crimes (e.g., shoplifting, credit card /check /benefit fraud, traffic violations,

drug possession), rather than felonies, that may not result in imprisonment (Schwartz and

IStatistics document that women are less likely than men to commit crimes generally and, hence, are less
likely to have a criminal history. However, female offenders are more likely than their male counterparts to
be apprehended for misdemeanor, rather than felony, charges. When charged with these lower-level criminal
acts, an innocence plea requires bail and a second hearing, or jail time (regardless of the severity of the
offense) if the individual cannot secure bail. To avoid or minimize these pecuniary and time costs, and
often under the advice of legal counsel in the form of an appointed public defender, over 95% of women
plead guilty at their first court appearance (Devers 2011). While Mayson and Stevenson (2018)) estimate
that misdemeanor crime, in general, is decreasing over the last two decades, recent data suggest that violent
crimes and delinquency carry greater societal costs (Ludwig and Schnepel 2024) and are increasing at faster
rates among women relative to men (Sabol 2014} Finlay et al.|2025)).



Steffensmeier 2008)). The associated fines, punishments, and general uncertainty following
interaction with the criminal justice system, may directly explain the observed poor health
among these women. Additionally, the collateral consequences of a criminal record may
indirectly contribute to the poor health status of disadvantaged women by influencing em-
ployment options, welfare eligibility, and educational opportunities — and hence, observed
employment, welfare receipt, and schooling/training (Graetz 1993; Roelfs et al. 2011). De-
spite many analyses describing bivariate associations (e.g., criminal record and employment;
employment and health, etc.), the findings do not account for the more complex, interre-
lated, and causal ways that a criminal record, employment, welfare assistance, and education

intersect to influence the health of disadvantaged women (Sheely and Kneipp 2015).

Our study fills this gap by jointly estimating dynamic equations for inter-related behav-
iors (employment, welfare receipt, and schooling), stochastic criminal justice interactions
(charges, convictions, and incarceration), and general and mental health production over
time. Moving beyond static bivariate associations, our dynamic multi-equation empirical
approach allows us to establish causal direction by 1) incorporating detailed price, policy,
and supply-side variation across time and geography as appropriate exclusion restrictions;
2) modeling common unobserved permanent and time-varying individual heterogeneity to
capture correlation across time and across within-period behaviors/outcomes; and 3) ad-
dressing non-random missingness (in dependent and explanatory variables) due to survey
design. We quantify both the direct health effects of criminal justice involvement and the
indirect effects operating through changes in employment, social services, and education
access over time. Through simulations, we explore how different criminal record histories
and policy considerations influence women’s health trajectories. Our results highlight the
importance of considering the broader economic and social consequences of criminal records
— beyond immediate legal penalties — and provide evidence relevant to policies governing
prosecution, sentencing, and access to employment and social programs. By integrating in-
sights from the economics of crime and the literature on social determinants of health, the
paper offers a unified framework for understanding how criminal justice policies can have

downstream impacts on population health.



Simulated partial and full derivatives using the dynamic equation system reveal two key
findings. First, criminal justice involvement affects employment, welfare receipt, and school-
ing/training differently across short- and long-run horizons, underscoring the dynamic nature
of behavioral responses to criminal records. Second, the health consequences of behav-
iors differ sharply by prior health status: for example, employment reduces depression risk
for non-depressed women but increases it for those currently depressed, and it improves
general health slightly among women in worse health. Additional schooling or training in-
creases depression risk for non-depressed women, but reduces it among women currently
depressed. Similarly, depression risk decreases with welfare participation among depressed
women. These heterogeneous effects highlight the importance of aligning employment- and

education-based reentry policies with individuals’ current health.

An important challenge was to find a data set that follows women over time and contains
detailed information on criminal behavior histories. We determined that the FF Study
provides the best information for examining the effects of lower-level crimes on longitudinal
behaviors and health outcomes. It follows a sample of at-risk women in large U.S. cities
who gave birth between 1998 and 2000, implementing baseline and four non-uniform follow-
up surveys over a 13-year period.ﬂ While the FF data are often used as a sample with
up to five (or seven) observations per participant, the rich survey questionnaire enables
us to construct detailed annual histories of behaviors and criminal involvement, allowing
contemporaneous behaviors to be influenced by uniformly lagged past actions as well as
time- and location-varying policies. However, the annualized data suffer from non-random
missingness due to conditional (on reported behaviors) question wording. To address this
endogenous selection into observability, we jointly model the observed behaviors and their
probability of being missing, which subsequently allows us to estimate the causal impacts of

endogenous behaviors on future outcomesf]|

2The FF survey includes two additional waves conducted in 2015 and 2022. The six-year gap between
the 2009 and 2015 surveys resulted in too much missingness in the annual data construction to include the
more recent data.

3Although the FF data are collected in five (seven) surveyed waves that are not equidistant apart (i.e.,
they contain one-, two-, four- (and six-) year gaps), the surveys include questions about past behaviors
or the last time an individual engaged in a behavior, allowing us to fill in behaviors each year in between
waves. Hence, we are able to define one-year lagged behavioral variables for over two-thirds (and usually
a much larger percentage) of the participants each year. We discovered, however, that the availability

3



In the next section we review the literature relevant to this study and provide background
on employment, social services, and education policies related to criminal records. The
data are discussed in detail in Section In Section [4, we present a simple theoretical
framework to motivate the empirical model that we estimate, and we detail the structural
equations (i.e., demand and production functions) and stochastic outcomes derived from this
framework that form the estimated likelihood function. Section [5| provides results from joint
estimation of the set of correlated equations and includes simulations from the estimated
data-generating process to demonstrate the short- and long-term effects of criminal records
on physical and mental health via impacts on employment, welfare receipt, and education.
Section [6] concludes by discussing the broader implications of the findings for disadvantaged

women’s health and well-being.

2 Review of Related Literature

The literature related to our research question is vast. Rather than attempting a compre-
hensive review, we focus on three strands most relevant to our conceptual and empirical
framework. First, economic theory considers how deterrence, employment, social services,
education, and uncertainty shape criminal behavior, with each channel receiving support in
the empirical literature. We also discuss how a criminal offense history can legally alter one’s
employment, welfare, and education landscape. Second, recognizing the large literature ex-
amining various bivariate relationships described as social determinants of health, we briefly
review evidence on the health effects of employment, welfare receipt, education, and crime
specifically. We conclude this section with a review of econometric approaches to missing

data.

of an individual’s histories is not exogenous. That is, an individual’s responses regarding behaviors in
period t determine which questions about previous behaviors she is subsequently asked. This endogeneity
of “data availability” requires that we modify our empirical model to account for correlation (through both
observables and unobservables) between one’s behaviors and the availability of behavioral information each
period. Changes in question wording across survey waves provides exogenous variation in observability of
behaviors each year.



2.1 Criminal Behavior

Mechanisms

Deterrence. Before a crime is committed, policing, punishment and fines, and (pre-crime) em-
ployment and educational access and attainment may deter criminal behavior. Additionally,
a criminal record history can alter (post-crime) employment and education opportunities and
welfare eligibilityﬁ At the point of decisionmaking regarding criminal activity, the prospect
of these collateral consequences should act as an additional deterrent (Kirk and Wakefield
2018)). However, since the crimes of disadvantaged women are often related to meeting finan-
cial needs, those same consequences — by restricting employment and income opportunities

— may instead increase the likelihood of future criminal behavior[]

Employment. Higher wage rates increase the opportunity cost of spending time in activities
outside of work, including crime. Hence, employment and wage-enhancing human capi-
tal investments — such as work experience and years of schooling — should be negatively
correlated with criminal behavior. Employment also raises the costs of adjudication and
subsequent punishments involving incarceration, jail time, or community service, since these
interfere with gainful activities. Viewed from another angle, unemployment can increase the
propensity to commit crime (Siwach 2018). Recent work by Agan et al. (2023) suggests that
labor market consequences of a criminal record (e.g., unemployment or lower wages) weaken
the deterrent effects of first-offense misdemeanor prosecutions. Consequently, prosecution
may increase subsequent criminal justice involvement. Drawing on a behavioral economics
framework, Mullainathan and Shafir (2013)) argue that scarcity (e.g., lack of money or time)
taxes “mental bandwidth,” their term for cognitive capacity and executive function, poten-

tially leading to short-sighted or impulsive decisions such as crime.

Social Services. Supplemental income through federal and state resources — such as Tempo-

rary Assistance for Needy Families (TANF) and Supplemental Nutrition Assistance Program

4See Lochner and Moretti (2004), Levitt and Miles (2006]), Tonry (2008)), Antonovics and Knight (2009),
Durlauf and Nagin (2011), Abrams (2012), Nagin (2013), Aizer and Doyle (2015), Chalfin and McCrary
(2017), Chalfin et al. (2022), Finlay et al. (2024), Machin and Sandi (2025), and Agan et al. (forthcoming)).

“Finlay et al. (2024) find that the legal financial obligations associated with conviction have no significant
causal effects on recidivism, labor market outcomes, or several life stressors.
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(SNAP) — may alleviate the financial or psychological pressures that contribute to criminal
activity motivated by economic need. TANF also requires and supports employment or ed-
ucational training, thereby improving prospects for self-support through legally-recognized
labor arrangements. In addition, the monitoring associated with welfare participation may
create a deterrent effect by increasing the risk of losing benefits, housing, or custody of one’s

children if criminal activity is suspected or proven.

Education. Schooling may increase risk aversion or patience, thereby reducing the utility
derived from crime. In addition to altering the utility gain (or loss) from illicit activity, edu-
cation may affect rates of criminal detection and apprehension as well as the type or severity
of punishment (Machin and Sandi[2025)). Schooling also limits the time available for criminal
behavior, assuming those activities are mutually exclusive. Alternatively, especially among
adolescents, schooling may contribute to crime through congregation/proximity effects (e.g.,
concentration of immature and impressionable youth), social network effects (e.g., gangs),
and market facilitation effects (e.g., drug-dealing). The economics literature on crime and
education emphasizes the importance of state dependence and unobserved determinants of

crime in the decisionmaking process (Merlo and Wolpin [2015; Mancino et al. 2016)).

Uncertainty. Participation in criminal activity also depends on the probability of detection,
apprehension, and punishment, if caught. The literature exploring the role of this uncertainty
as a deterrence considers both objective measures of enforcement intensity — such as police
presence, police expenditures, and arrest rates — and subjective perceptions reported by
individuals (Lochner 2007)H Individuals may also be unaware of the collateral consequences
associated with a criminal record, including both the magnitude, and even direction, of
such effects. Risk-perceptions, with regard to both immediate direct penalties as well as
downstream collateral consequences, may substantially affect the value placed on legal and
illegal alternatives (Imai and Krishna |[2004). More generally, policy effectiveness depends on
the extent to which individuals accurately perceive relevant risks and consequences (Durlauf

and Nagin 2011). There are several legally-imposed restrictions that a criminal record places

SWe cannot estimate these probabilities because we do not observe criminal participation directly in our
data. Rather, we observe criminal justice outcomes conditional on detection: whether the respondent —
based primarily on her (the mother’s) self-reports and supplemented, in some cases, by the father — has
been charged, convicted, and/or incarcerated.



on employment, welfare receipt, and education, among other things. However, in the U.S.,
judges are not required to warn defendants of these collateral consequences (with the notable
exception of deportation) before a guilty plea or conviction at trial. Perceived costs and
benefits of criminal activity may also vary with economic and psychological circumstances,
as motivating benefits — immediate material needs or substance-related rewards — may

outweigh perceived risks of apprehension and punishment.

Legal Consequences: Employment

Criminal records exist at the federal, state, and local levels and may contain information on
arrests, charges, dispositions, convictions, and sentencing. Federal law permits employers to
ask about or obtain criminal records, but Title VII of the Civil Rights Act prohibits using
that information in ways that discriminate against protected classes (e.g., race, sex, religion,
national origin). The Act requires employers to consider the nature of an applicant’s criminal
offense in relation to the job’s responsibilities, rather than automatically disqualifying candi-
dates with a prior record. While the Equal Employment Opportunity Commission (EEOC)
is responsible for enforcing employer compliance with the law (Equal Employment Oppor-
tunity Commission 2012)), studies suggest employers frequently disregard this requirement
(Uggen et al. 2014; Oselin et al. 2024). Other factors add to the complexity of situations at
the point of hire. Arrests, which may appear on criminal records, do not imply guilt, and
some states prohibit employment decisions based solely on arrest records. State laws vary in
other ways — some limit lookback periods or distinguish between felonies and misdemeanors.

Juvenile records are typically sealed.

Many occupations require certification or licensure, and licensing boards often deny appli-
cants with particular convictions. Fields like health care, education, elder care, and financial
services may restrict hiring individuals with related offenses (e.g., substance use-related or
financial crimes). Even when not required by law, employers may avoid hiring people with
convictions due to a fear of untrustworthiness (Holzer et al. 2006; Kling 2006; Finlay 2009;
Agan and Starr 2017). Some research finds employers prefer applicants with no work ex-

perience or those receiving public assistance over ex-offenders (Holzer et al. 2006; Decker



et al. 2015)). Given the high conviction rates among African-American men, concerns about
racial disparities in employment have arisen. However, “ban the box” implementation (which
refers to a check box on employment applications to indicate a criminal record history) has
sometimes reduced employment for young, Black and Hispanic men with low education,
as employers may statistically discriminate when criminal history is unknown (Doleac and
Hansen |2020; Agan and Starr 2018).[] Additionally, incarceration may reduce job skills, ac-
quired work experience, and health, which can lower employabilityﬁ While some individuals
may gain skills in prison (Mancino 2025), employers may form beliefs that human and health
capital depreciate during incarceration and map these perceived declines into lower expected

productivity independent of stigma.

Much of the research linking lower employment rates to criminal records focuses on men
and the effects of prior felony convictions or incarceration (Pager 2003; Pager et al. [2009;
Garin et al. 2025). For women, results differ. Galgono (2009) found incarceration did not
affect callback rates for female applicants in Chicago. Lalonde and Cho (2008)) observed a
short-term employment boost post-release among Illinois women, possibly due to community
supervision requirements. In Phoenix, Decker et al. (2015) found that white women received
more callbacks than Black women, though a criminal record did not further worsen Black
women’s callback rates. However, women with prison records were much less likely than

similarly situated men to receive interview calls.
Legal Consequences: Social Services and Education

Criminal records can restrict access to social services. Under the 1996 federal Personal
Responsibility and Work Opportunity Reconciliation Act (PRWORA), individuals with
drug-related felony convictions face a lifetime ban from TANF and SNAP benefits unless

states opt out or modify the rule (e.g., by limiting the ban’s duration or exempting those

TAs of 2025, 37 states and over 150 cities/counties have adopted ban-the-box policies for public employ-
ment. In 15 states and 22 cities/counties, these bans extend to private employers.

8Using a male-dominated sample, Garin et al. (2025) find incarceration causes large short-run drops
in employment and earnings, primarily while individuals are physically incarcerated (incapacitation), and
these losses can accumulate over time. However, the reductions return to baseline within 3-5 years, and the
authors suggest that poor labor market outcomes of the incarcerated may reflect upstream selection rather
than causal scarring.



completing treatment). Mueller-Smith et al. (2024) find reduced SNAP participation due
to the ban; however, evidence regarding the impacts of welfare restrictions more broadly on
crime, employment, and poverty remains mixed (Aizer et al. 2024} Gray et al. 2023; Sugie
and Newark [2023} Sheely [2021; Tuttle 2019; Luallen et al. 2018; Yang 2017; Hoynes and
Schanzenbach [2012). Criminal history can also bar individuals from public housing — some-
times based solely on arrests without convictions. These exclusions disproportionately affect

women who rely on such services to overcome employment barriers and avoid poverty.

Colleges often require disclosure of criminal history. Stewart and Uggen (2020]) report that
over 70% of four-year schools (81% private, 55% public) and 40% of community colleges re-
quire applicants to report criminal history. They find higher rejection rates among applicants
with a felony record but racial differences in admission decisions are smaller than the racial
gap in employment offers. A 1988 amendment to the Higher Education Act of 1965 also
restricts federal financial aid, including Pell grants, for drug or sexual offenses. Humphries
et al. (2025) finds that incarceration reduces human capital accumulation by reducing the

likelihood of any college enrollment.

2.2 Social Determinants of Health

Social determinants of health (SDOH), or the factors that shape the conditions in which
people live, are strong predictors of health outcomes. Living at or near poverty, having
a low level of education, and/or belonging to a racial/ethnic minority group (henceforth
collectively referred to as disadvantaged) have long been known to be more robust risk fac-
tors for poor health than lack of access to medical care or genetic predisposition to disease
(Marmot 2000; Marmot and Wilkinson [2000; Braveman 2011; Braveman et al. [2011; Woolf
and Braveman 2011)ﬂ Studies have also shown that disadvantaged women are exposed to
greater, more persistent, and more deleterious forms of chronically stressful environments
than women who are more advantaged (Kalil et al. |2001; Grzywacz et al. 2004). The high

unemployment, material hardship, food insecurity, lack of social support, and discrimination

9 Among disadvantaged women, over 40% of single-mother families live in poverty, 68% lack education
beyond high school, and over 70% are Black or Hispanic (U.S. Census Bureau [2012)).
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that characterize these environments contribute to high levels of psychological distress and
subsequent physiological changes that are associated with the development of depression,
functional decline, and other disease states (e.g., Karlamangla et al. (2002)), Steptoe et al.
(2002), McEwen (2003), and Williams et al. (2012])). Despite expanded care access, dispari-
ties persist (IOM, 2012). Brown and Barbosa (2001) contend that system- and policy-level
obstacles to employment and safety net access exacerbate these health risks. Although stud-
ies have depicted the biological mechanisms underlying the psychological distress-poor health
association, a good understanding of whether and how system-level factors versus other un-
observed individual propensities or shocks precipitate the psychological distress experienced

by disadvantaged groups has lagged behind.

Associations found in longitudinal studies, systematic reviews, and meta-analyses suggest
that employment can improve health — even for disadvantaged women (Kneipp et al. 2011]).
However, their vulnerability to recurring unemployment and limited job quality raises long-
term health risks. While there is much economic evidence on the causal relationship between
employment and health (Currie and Madrian [1999), there is less work establishing the health
impacts of employment at its intensive margins (e.g., hours of work, occupation, job quality).
Measurement of unbiased employment effects on health is hampered by two considerations:
1.) non-random selection into employment (e.g., initial endowments, education, and health
(as well as unobservables) can impact occupation/employment decisions) and 2.) confound-
ing (e.g., healthy (or deleterious) investment behaviors are chosen jointly with employment).
Thus, there is little consensus on the size and direction of the many different employment

effects on health (Jolivet and Postel-Vinay 2025)).

Much of the economics literature on the health effects of welfare services emphasize their
impact on subsequent education or employment. The variety of services examined include
income support, child care, housing assistance, food subsidies, medical care, and job training.
While the literature is too large to summarize and the results are varying, some findings
suggest that social assistance programs are failing to maintain the health of socioeconomically

disadvantaged populations (Shahidi et al. [2019)).
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Education is also linked to better health, as shown in foundational economic models (Gross-
man [1972). Education affects health via resource allocation, risk preferences, and expec-
tations. Causality likely runs both ways, with dynamic health processes and unobserved
traits like time preference playing roles. Grossman (2015) summarizes the recent state of

knowledge in the economics literature.

The relationship between criminal activity consequences and health of the offender has re-
ceived little attention in the literature. To date, most of the studies of health related to
the criminal justice system have focused on disease transmission and health care services
during incarceration, even though incarcerated individuals account for less than one percent
of adults in the U.S. in 2015 (Kaeble and Glaze 2016). The recent coronavirus (COVID-19)
pandemic has exposed the increased health risks to people in prisons and jails with little
agency to care for themselves (Nowotny et al. [2020)). Other related work has examined
the impact of criminal activity on the mental health and employment/leisure activities of
victims, family members, and the general public (e.g., Cornaglia et al. (2014), Janke et al.

(2016)), Bor et al. (2018), Wildeman and Lee (2021)), and Bencsik et al. (2023))).

2.3 Missing Data

The theoretical econometric literature has long addressed challenges with missing endogenous
determinants. Specifically, underreporting and imputations — common in such contexts —
can introduce measurement error, potentially biasing estimates (Bound and Krueger |1991}
Bound et al. [1994). Maximum likelihood methods to address missing data are theoreti-
cally appealing and supported by simulation studies comparing such algorithms with more
traditional approaches. Notably, attempts to address underreported or imputed endoge-
nous variables using instrumental variable (IV) techniques may overstate the causal effect of

policy-related programs and interventions (Stephens and Unayama 2019).

While researchers can safely drop observations if data are missing completely at random, set-

tings with selection on observables require adjustments like inverse propensity score weighting

11



(Bollinger and Hirsch 2006)). Alternatively, instruments can be incorporated into the impu-
tation process to recover a complete dataset for estimating treatment effects (Hirsch and

Schumacher |2004; Heckman and LaFontaine [2006)).

Stephens and Unayama (2019)) demonstrate that the IV estimator is inconsistent when the en-
dogenous regressor is underreported or imputed, even with a perfectly measured instrument.
Mogstad and Wiswall (2012) consider consistency when the instrument is only observed for
a subset of the sample. More complex scenarios arise when data observability depends on
unobservables. Semykina and Wooldridge (2013) address consistent estimation, in this case,

using backward substitution for the lagged dependent variable.

Our approach, detailed in Section 4} employs full information maximum likelihood (FIML)
to jointly model the missingness process for endogenous regressors. This framework allows
for correlation among the missingness of the endogenous explanatory variables, the observed
endogenous variables themselves, and the dependent variable of interest via permanent and

time-varying unobserved heterogeneity modeled as random effects/"]

3 Data Description

To examine the health impacts of criminal justice involvement, we searched for relevant
datasets through the Interuniversity Consortium for Political and Social Research (ICPSR)
and the University of Michigan Survey Research Center using keywords such as arrest, con-
vict, conviction, jail, or prison, in combination with health, TANF, and employment. We
reviewed data from several sources, including Future of Families (FF), the National Longitu-
dinal Survey of Youth (NLSY), the National Longitudinal Study of Adolescent Health (Add
Health), Welfare, Children, and Families: A Three-City Study, the Panel Study of Income
Dynamics (PSID), and the Survey of Income and Program Participation (SIPP).

Only the FF dataset met all key criteria: (1) sufficient detail for relevant variables, (2) a long

observation window with frequent data collection, and (3) a predominantly low-SES sample

0Enders (2001) discusses several FIML approaches that mitigate bias and improve efficiency.
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— each essential for analyzing the relationships of interest. The FF study was designed to
investigate how social context, policy, and environmental factors affect families at high risk
of persistent poverty and poor outcomesﬂ Approximately 75% of the surveyed sample are
at-risk families headed by unmarried mothers. Because the structure and availability of data
influence the empirical model, we describe key features of the dataset and relevant variables

before presenting the theoretical motivation and our resulting empirical framework.

3.1 Determination of Research Sample

The FF cohort study follows nearly 5,000 women in 20 large U.S. cities (defined as popula-
tions of 200,000 or more) who have just given birth (between 1998 and 2000), with sixteen of
the 20 cities comprising a nationally-representative sample. The seven waves of interviews
with the mothers — and fathers, if present — were conducted when the focal child was born
and around ages 1, 3, 5, 9, 15, and 22.@ For our analysis of annual behaviors, we use data on
women with three or more waves of continuous participation prior to 2010 from all 20 cities.
After removing individuals with missing information on important exogenous variables or
insufficient baseline data, our research sample contains 4,033 women with a total of 18,672

person-wave observations||

At each wave, the survey collects information on demographic characteristics, employment
status, welfare receipt, schooling status, criminal records, and the general and mental health
of the child’s mother, among other topics. Survey questions capture both current statuses
at the time of the interview and experiences prior to the baseline and between waves. To
model women’s dynamic life-cycle behaviors and outcomes, we use retrospective questions to

construct an annualized longitudinal research sample. Appendix Table details the sample

HCenter for Research on Child Well-Being. Future of Families and Child Wellbeing Study: About the
Future of Families and Child Wellbeing Study (https://ffcws.princeton.edu/about). Accessed May 25,
2026.

12 Although the sixth and seventh waves of data are available, they are excluded from our “annual” analysis
due to the extended time span between waves, which limits our ability to reliably capture annual behaviors.
Also, only the primary caregiver of the focal child was interviewed after year 9.

13Specifically, the women in our research sample participated in five waves (74%), four waves (15%),
or three waves (11%). A comparison of women in our estimation sample and the full sample shows no
statistically significant differences across available demographic measures.
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size in each calendar year, along with any attrition (which is jointly estimated), resulting in
39,593 person-year observations. Appendix Figure[AT|indicates the sample sizes in the actual
interview years of each of the five survey waves. Despite the four target ages of the focal
child for follow-up surveys, the mothers’ survey responses span each year between 1998 to
2010, which allows us to more accurately account for variation in time- and location-varying
policies. The next subsection explains how we create the annual-based variables describing

behaviors and outcomes[t]

3.2 Determination of Annual Behavior and Outcome Variables

Estimation of behaviors and outcomes that depend dynamically on past behaviors and
outcomes require data that is reported in uniform intervals. Datasets often interview par-
ticipants in non-uniform intervals (e.g., Add Health) or follow-up at different times creating
different interval lengths between responses (e.g., MEPS). While the FF data are reported
in non-uniform intervals, the rich questions allow us to create a set of annual behaviors and
outcomes based on additional responses about timing of relevant events. In this section we

describe how we recover or construct the annual observations.

Behaviors: Employment, Welfare Receipt, Schooling Enrollment

The baseline survey (wave 1), conducted in the hospital after childbirth, asks mothers when
they last held a regular job. In waves 2-5, mothers are asked whether they worked in the past
week. If yes, wave 2 asks the child’s age when the mother first returned to work; in waves
3-5, no further details about interim work history are collected. If no, mothers are asked
when they last worked. Using these responses, we infer annual employment status where
possible and flag person-years with missing employment data. For instance, if a woman
reports working at both wave 4 and wave 5 but no questions cover the intervening years, our

“do not know employment status” indicator for those years equals one. Since these follow-up

1 Appendix Table provides additional information on the resulting annualized sample. For example,
89% of the women are observed for at least seven years between 1998 and 2010 and 80% have at least five
years of annual observations where all dependent variables are observed.
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questions depend on earlier (endogenous) responses, the missingness is itself endogenous and
varies by person-year. As explained later, this non-random missingness is jointly estimated
with the observed behaviors and outcomes, using both observed and unobserved explanatory
variation. Overall, about one-third of person-year observations lack employment data, but

survey wording suggests these women are more likely to have been employed.

Each wave asks whether the respondent received welfare in the past 12 monthsm If yes (in
waves 2-5), follow-up questions ask about current receipt and duration; if no, they ask when
welfare was last received. Using this information, we define annual indicators for welfare
receipt. For years where status is unclear, we define a “do not know welfare status” indicator
and jointly model this missingness with the system of endogenous behaviors and outcomes.

Annual welfare receipt is unobserved in about 5% of person-year observations.

To define annual school enrollment or training status, we use responses from waves 2-5 on
whether the respondent is currently attending any school, training, or classes, and whether
she has completed any such programs or years of schooling since the last interview. In waves
3-5, respondents are also asked if they have taken job skills classes since the last interview.
If a respondent reports any schooling or training activity since the previous wave, we classify
her as enrolled during the intervening years.m Enrollment status is missing in only about
one percent of person-year observations (with most of that occurring in the first observed

year) and is treated as randomly missing.

In addition to the enrollment indicator, we define a time-varying measure of accumulated
education. Wave 1 collects data on the highest grade completed, and waves 2-5 capture any
additional completed programs or schooling. Using this information, we assign respondents

to one or more of nine education categories each year: less than eight years of schooling,

15Tn the baseline survey (wave 1), the question asks about “public assistance, welfare, or food stamps”,
grouped together. In subsequent waves, these sources of assistance are disaggregated. We use questions
pertaining to welfare or TANF.

16We fill in school enrollment status for up to two years prior to the interview in waves 2-4, and up to
four years in wave 5 if the response is positive. While this imputation ensures that no reported schooling
or training activity is dropped, it likely overstates the annual duration of enrollment and induces some
mechanical serial persistence. Our annualized data for the actual level of schooling attainment, which we
control for separately, is not statistically different from those values reported using the wave-only data.
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some high school, high school diploma, G.E.D., some college, technical school, bachelor’s

degree, graduate/professional school, and training programm
Criminal Justice Involvement: Charge, Conviction and Incarceration

The FF survey does not inquire about participation in criminal activity but elicits some self-
reported information on charges, convictions, and incarcerationm In wave 3, respondents
are asked whether they have ever been charged or convicted. If convicted, they report the
number of convictions and the years of their first and most recent convictions. Waves 4 and
5 ask whether the respondent has been charged or convicted since the previous interview,
though the exact timing of new events is not collected. In those cases, we randomly assign
the charge and conviction years across the interval between interviews for those women who
were not incarcerated. In waves 3 and 5, respondents are also asked if they have ever been
incarcerated, and if so, the timing of their first and most recent incarcerations. Using this
information, we define annual indicators for charge, conviction, and incarceration status
as well as cumulative criminal history variables (e.g., ever charged, ever convicted, ever

incarcerated, years since last conviction/incarceration).

Almost 15% of the women in our sample report being charged during the sample window
(with another 3% reporting a charge prior to their first surveyed year); the annual probability
of being charged, conditional on knowing whether the individual was charged or not, is 2.2%.
Conditional on being charged, the probability of conviction is 62%. We also track whether
the most recent conviction was drug-related (about 26% of convictions for which the offense

type is observed. )H

"Individuals may fall into multiple categories unless one dominates another. For example, a respondent
with both a high school diploma and a bachelor’s degree is only counted in the latter. The technical school
and training program categories may occur with any other categories. G.E.D. and some college can also
occur concurrently.

18The questionnaires permit partial recovery of criminal justice history — incidence, frequency, timing,
and (for charges/convictions) offense type — though item availability varies across survey waves. We know
little about specifics such as jail time, monetary fines, community service, or probation. Also, we cannot dis-
tinguish between felony and misdemeanor offenses, as response alternatives are grouped into broad categories
that may include both — a limitation that was confirmed through legal consultation.

YFinlay et al. (2025) report that drug offenses represent about 9-15% of the per capita rate of all misde-
meanor offenses among women (2000-2022), with a 17-27% female share of all misdemeanor offenses.
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To address potential underreporting, we incorporate reports from the child’s father, where
available, to cross-validate and update the mother’s reported criminal record@ Charge
status is missing in about five percent of person-year observations. We jointly model this

missingness along with that of employment and welfare receipt.

Outcomes: General Health and Depression

In wave 2 through 5, respondents are asked to report their general health (as excellent, very
good, good, fair or poor). We use the responses from the interview years as the dependent
variable. When health entering the period is an explanatory variable, we fill in the values of
health for the years between interviews with interpolated (within individual) values based

on reported health in the nearest preceding and following interviews.

Depression is measured in each survey wave using select sections of the Composite Inter-
national Diagnostic Interview - Short Form (CIDI-SF), which is a standardized instrument
for assessment of depressive disorders and reflects criteria for a major depressive episode
(MDE) in the Diagnostic and Statistical Manual (DSM) IV P Respondents were considered
a positive case (i.e., having symptoms consistent with MDE at any point in the prior 12
months) using the more liberal criteria described by Kessler and colleagues with the original
development of the CIDI-SF (Kessler et al. [1998). A depression indicator serves as the de-
pendent variable for mental health in the interview years. When mental health is used as an
explanatory variable, we impute values for intervening years based on the nearest subsequent

interview.

Table 1| provides descriptive statistics for the dependent variables that form our jointly
estimated set of correlated equations (discussed in Section [4). Most of the variables are

defined over all person-years, and are explained using dynamic specifications (i.e., variation in

20Tn other work, we explored imputations to correct for underreporting of criminal activity (Kneipp et al.
2017). While we can create indicators for whether a woman has ever been charged, convicted, or incarcerated
by each wave using the imputed data strategy, we cannot impute the yearly information required for our
annual longitudinal analysis. To verify status, Geller et al. (2016) link the NYC subsample of the FF (fathers
only) with Computerized Criminal History records provided by the New York State Division of Criminal
Justice Services. They find that mothers overreport father’s incarceration.

21See https://ffcws.princeton.edu/data-and-documentation/scales-and-concepts-documentation.
Accessed May 25, 2026.
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their values may depend on variation in pre-determined, or lagged, endogenous Variables)@

Table 1: Descriptive Statistics: Jointly-Estimated Dependent Variables

Variable name Mean Std Dev Min Max
Behaviors

Nonemployment at ¢ (conditional on knowing info )  0.394  0.489 0 1

Welfare receipt at ¢t (conditional on knowing info ) ~ 0.188  0.391 0 1

School enrollment at ¢ 0.262  0.440 0 1
Criminal Justice Involvement

Charged at t (conditional on knowing info ) 0.022  0.147 0 1

Convicted at ¢ (conditional on being charged ) 0.620  0.486 0 1
Health Outcomes

General health at ¢ 3.721 0.970 1 )

Depression at ¢ 0.175 0.380 0 1
Selection (Missingness)

Do not know employment status at ¢ 0.343  0.475 0 1

Do not know welfare status at ¢ 0.056 0.231 0 1

Do not know charge status at ¢ 0.055 0.229 0 1
Initial Conditions (when first observed)

Criminal record 0.035 0.183 0 1

General health 3.912  0.941 1

Depression 0.156 0.363 0 1
Attrition

Attrition at the end of t,t =4,...,9 0.124 0.329 0 1

Note: Probabilities/densities of these 14 correlated dependent variables form the like-
lihood function, which is estimated via full information maximum likelihood (FIML)
using discrete factor random effects (DFRE) to flexibly model the potential unobserved
correlation.

A central methodological contribution of this paper is the treatment of non-randomly missing
lagged endogenous variables found in longitudinal data with non-uniform, multi-year lags
and additional questions on timing. Admittedly, several of our annualization rules may create
timing measurement error. In particular, charge and conviction years are randomly assigned
within interview intervals (if an individual is not also incarcerated), schooling/training is
filled forward across intervening years after a positive report, general health is interpolated

between waves, and depression is imputed from the nearest subsequent interview. However,

22Because so few women in our sample are incarcerated during the survey period, we can not estimate
the incarceration probability conditional on charge and conviction; however, we include — as (exogenous)
controls — variables for having recently been incarcerated, having ever been incarcerated, and years since
last incarceration.
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the scope for timing measurement error is mitigated by the relatively short intervals between
most survey responsesF_?’-] Additionally, employment is unknown in about one-third of person-
year observations even after annualization. Because our short-run estimates depend on
the ordering of behaviors, criminal justice events, and health outcomes from year to year,
this imputation could attenuate or misattribute lagged effects in a standard dynamic panel
regression. We argue that our estimation framework — specifically, modeling the missingness
and inclusion of permanent and time-varying unobserved heterogeneity in a jointly-estimated
set of equations — is much better equipped to handle these types of measurement error. The
unobserved heterogeneity (detailed below) helps to sweep out the latent propensity for these
events, to absorb persistent reporting differences, and to mitigate the impact of recall and
timing measurement error. Unfortunately, a direct comparison of our results with complete-
case estimation or shorter-gap subsamples requires restricting the sample too much. We do,
however, consider interview-year-only estimation using reports of ever having been charged,

convicted, or incarcerated to benchmark effects (Appendix |C]).

The initial condition variables represent information observed at baseline (the woman’s first
observed year) that cannot be explained by a dynamic equation since values of lagged vari-
ables are not available. We also jointly estimate attrition from the sample, allowing it to
be correlated with the modeled unobserved heterogeneity (Darden 2022). Before providing
summary statistics of observed variables that explain variation in these dependent variables,
the next section provides a theoretical motivation for the behavior we study and introduces

notation relevant for description of our econometric approach.

4 Theoretical Motivation
4.1 Discrete Choice Model with Stochastic Outcomes

To motivate the empirical analysis and to introduce notation, we outline a woman’s dynamic

optimization problem regarding four jointly determined behaviors: employment (e;), welfare

23The gap between actual survey responses is only one year for 70% of all gaps, with two-, three-, four-,
and five-year gaps representing 3, 24, 5, and 0.2% of all gaps, respectively.
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receipt (r;), schooling/training (s;), and criminal activity (¢;), and subsequent stochastic
criminal and health outcomes. Using a Bellman equation framework, we describe the life-
time value of each available combination of actions in period ¢ and how chosen behaviors
might impact future availability. However, we do not parameterize the utility function, solve
the model, or estimate primitive parameters, due to data limitations. Instead, the theoret-
ical framework allows us to discuss specification and identification of our system of jointly

estimated demand and production functions, along with relevant stochastic outcomes.

For simplicity, we present each behavior as a binary choice: non-employment (e = 0) vs.
employment (e = 1); no welfare receipt (r = 0) vs. receipt (r = 1); not enrolled in school
or training (s = 0) vs. enrolled (s = 1)f% and no criminal activity (¢ = 0) vs. participation
in criminal activity (¢ = 1). Let df"*° represent the mutually exclusive joint combinations of
these four actions in period t.@ Importantly, not all behavioral options are available to an

individual in every period (described below).

Per-period utility depends on composite consumption (X;), leisure (L;), and the behaviors

(dgm#°), all subject to budget and time constraints. Formally, utility is
Up = u(Xy, Ly, di™°, €)' Dy, Hy, Cy) Yt

where preferences may be shifted by time-varying demographic characteristics (D;) and
health status (H;). Utility also depends on the individual’s “caught” state in period t (Cy),
which reflects whether she was caught committing a crime in the previous period. If C} =1,
then the individual has entered period ¢ with a criminal record (C'R;), triggered by being
caught in period ¢ — 1. Our notation distinguishes between recent criminal involvement (C})

and cumulative criminal history (CR;) and we include both in the information set[ The

24Here, schooling includes both formal education and training programs, such as those tied to eligibility
for cash assistance.

25Each binary action could, in principle, be expanded to reflect more realistic and nuanced decisions (e.g.,
hours worked, occupation, or types of crimes). However, such detail is not necessary to demonstrate the
mechanisms through which a criminal record may affect behavior and subsequent health outcomes. To focus
on our core behaviors of interest, we abstract from other key life decisions (e.g., marital status and fertility).
In our empirical model, we do include them as exogenous controls.

26The FF questionnaire asks whether an individual has ever been charged, convicted, or incarcerated
for a crime, as well as the number of years since their most recent conviction or incarceration. By design,
conviction implies a prior charge, and incarceration implies both conviction and charge. Although the data
categorize the type of crime for each charge, we cannot reliably distinguish between misdemeanors and
felonies, as several categories encompass both.
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caught-state vector is defined as C; = [C}, C? C?], indicating whether the individual was
charged, convicted, or incarcerated in period ¢ due to criminal activity in ¢ —1. The criminal
record vector is defined as CR, = [CR}, CR?, CR}], where each element equals one if the
individual has ever been charged, convicted, or incarcerated by period t; zero otherwise. We
also include in C'R; the number of years since the last conviction or incarceration and an

indicator for drug-related convictions.

Consumption and leisure are limited by budget and time constraints. Individuals may obtain
income from four sources: legal employment (V;¥), criminal activity (Y,%), cash assistance
through social programs (Y,®), and spousal income (Y;) if married. The source-specific
income values depend on experience in each of the activities, among other things. They
allocate income to: private/public housing accommodations (A;), food consumption (F})
— necessities that depend on number of children (K;) and marital status (M;) — medical
and non-medical health care inputs (HC}), post-secondary schooling or training (s;), crime-
related costs if caught, and other consumption (Xt).lﬂ Being caught may result in a charge,
conviction, or incarceration, and often leads to pecuniary costs (e.g., fines, legal fees, and
court expenses) and/or reduced time for other activities (e.g., due to court appearances,

mandated community service, or jail time). The budget constraint is

VP e+ Y o+ Yo + VM My = PA(r) - Ad(Ke, My) + PF (i) - Fy(Ko, M)

+ PH(ry, H)) - HC, + PS(CR,) - s, + PC - C, + PX - X,
where the vector P, = [PA, PF, PH, P PC PX] denotes pecuniary prices. Housing, food,
and health-care prices fall with receipt of benefits (e.g., public housing assistance, SNAP,

Medicaid, subsequently referred to as welfare), while schooling costs rise if a criminal record

limits student-aid eligibility.
Leisure (L;) is the residual of the time constraint:

TTt:Q;E-ethQf-cthQf-C’thQf(Ht)-HCt—l—Qf-st—{—f(Qf(,Kt,Mt)—I—Lt

2"Ttems labeled “necessities” are treated as exogenous in both the theoretical and empirical models.
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where T'T} is total available time per period and Q; = [QF, QY. QH Q7 , QF] is a vector of
time “prices.” Time is consumed by legal employment, criminal activity, health-care activi-
ties, schooling, and childcare (modeled as a function of its time price, number of children, and
marital status). Participation in crime (¢;) takes time and being in the caught state (C)
(for previous criminal activity) further reduces available time through court appearances,

community service, or jail time.

Each period, individuals evaluate the available combinations of actions — employment,
welfare receipt, schooling, and criminal activity — to maximize their discounted expected
lifetime utility; individuals are forward looking (with discount factor B)ﬁ The availability
of legal employment depends on receiving a job offer (O;), while the option to receive welfare
benefits depends on eligibility (B;). Both are non-random and shaped by one’s recent activ-
ities and accumulated histories of actions. The job offer probability depends on employment
experience (XF), educational attainment (X;), and criminal record history (CR;). Eligibil-
ity for social services depends on past earned income (Y;Z,), welfare receipt history (X[,
and criminal record history (C Rt)ﬁ Apprehension for criminal activity results in a “caught”
state next period (Cyy1), a probability that depends on current and past criminal activity.
While we can’t estimate these probabilities with the FF data, it is important to emphasize

their dependence on criminal record and other dynamically-related behaviors, where

p<Ot: 1) = fO(XfavaththZtE)
p(Bt = 1) = fB(Y;fglaXtR>ORt>DDZtR)
p(Ct+1 = 1) = fC(Ct,CRt,Dt, Ztc)
Each stochastic outcome depends on demographics (D;) and relevant exogenous state and

local time-varying policies that may impact these relationships Z;, = [ZEF, ZE, Z7, Z¢, 71,

such as employment, welfare, criminal justice and health system features.m

28Tt is quite likely that some women — especially those facing hardships — are more present-oriented.
Additionally, they may make decisions using subjective or incorrect expectations. The theory could certainly
be expanded to incorporate these considerations.

29Tn practice, TANF eligibility is determined by state-specific income and asset thresholds, and often
depends on both total and continuous duration of participation, captured here as X}*.

30Pecuniary and time prices, P, and Q; are included in the Z vectors. To avoid modeling beliefs about the
evolution of prices or policy variables, it is common to assume that all current and future values are known
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Health in period ¢t may influence the per-period utility derived from behaviors, the pecuniary
and time costs of consuming health care, and health state transitions. While health is
observed (i.e., updated) at the start of each period ¢, future health is uncertain. Importantly,
health in period ¢ 4+ 1 depends on current health status and health-related inputs consumed
in period ¢ (first line of equation below). The evolution of health is captured by the health

production function:

Ht+1 = fH(HtaHCtth’ZtH)

= gH<Ht7€t7Tt7Stactcht,Dt,Zg{)

Rather than model health care consumption (HC}) as an explicit choice Variableﬂ we sub-
stitute the determinants of demand for these inputs — namely, period ¢ behaviors and one’s

criminal record — into the health production function (second line above)@

Using a recursive Bellman equation representation, an individual’s lifetime utility from choos-
ing actions, or behaviors, e, = e,r, = r,s; = s, and ¢; = ¢ in period t, given health state

H; = h and caught state C; = j (and the stochastic probabilities of being caught, health

at the beginning of each period, or that they will persist and exogenous changes are unexpected. We do
not take a stand here because we have no intention of solving and estimating the individual’s optimization
problem. Rather, we use the theoretical model to inform or derive arguments of the observed behaviors and
outcomes and to justify exclusion of particular variables that aid in identification. Relatedly, one could argue
that individuals do not have correct beliefs about the stochastic probabilities defined above. Indeed, we agree
that decisionmaking could be compromised by subjective expectations or present-biased preferences, which
would be important extensions of the simplified theoretical model were it to be parameterized and estimated.

31Data on medical care consumption or expenditures are not available in the FF data. Health insurance
status is reported, but only at each interview. Note that over 60% of births were covered by Medicaid and
over 30% were privately insured; very few women were uninsured. In later waves, Medicaid and private
insurance coverage hover around 56% and 36%, respectively. Burns and Dague (2023) find reduced rates of
reincarceration, increased employment, and greater health care use among formerly incarcerated adults who
enroll in Medicaid at release. While information on other health inputs, such as whether the mother has
smoked cigarettes or marijuana or drank alcoholic beverages in the last month, is available at each wave, we
do not use it in our model of annual behaviors.

32We assume that health inputs are chosen after employment, welfare receipt, schooling, and criminal
activity behaviors are chosen. This timing assumption implies that the behavior-specific exogenous pol-
icy variables (elements of Z;) do not independently affect health transitions conditional on the observed
behaviors, allowing them to serve as exclusion restrictions for identification.
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transition, job offer, and welfare eligibility defined above), is:

th (Qt, 6?‘Ot = 0, Bt = b) =

ersc

J H
w(Xy, L, di7*0 € Dy, Hy = b, Cr = ) + B > p(Crar = §) Y p(Hipr = 1)
5'=0 h=0
1 1 ‘
B[ 30O = o) 3 p(Brar = 1) i VAL Q. 1|0 = o, B = V)| = 1}]
o'=0 b'=0
for all t =1,...,T and for all behavior combinations e, r, s, c.

The lifetime value of each alternative, which determines observed choices or behaviors, varies
according to the individual’s information set entering period ¢, denoted Q, = [Cy, CRy, Hy,
XF XE XP, Dy, Z]. The information vector includes the individual’s endogenous caught
state for period ¢ (which depends on criminal activity in previous period), record of criminal
activity up to period ¢, health entering period ¢, accumulated experience in each of the
behaviors, and exogenous characteristics such as demographics (e.g., income, number of

kids, marital status), and prices and institutional features.

If the alternative-specific preference error term (€}') is additive and follows an Extreme-value
Type I distribution, the probability of choosing behavior combination (e,r,s,c) in period
t conditional on the health and caught states entering ¢ (i.e., H, = h,Cy = j) takes the

multinomial logit formﬂ

ples =erp=rsp=8,¢,=c|Q) = p(d;" =1|)

—hi
_ exXp Veisc (Qt) vt

1 1 1 1 T7hi
Ze’:o Z’FIZO Zs’:o Zc’:o exXp Ve/r/s’c/ (Qt)

= f(C,,CRy, Hy, XF, X, X, Dy, Z4)

This stylized (and somewhat simplified) model of individual decision-making illustrates the

many channels through which criminal activity — and the resulting criminal record if caught

BV ree(Q) = VI (D, €) — ¥ ., i the deterministic component of the value function. One could derive
the optimal demand function for the observed behaviors under parameterized functional form assumptions
about the utility function and stochastic transition probabilities (along with a terminal value function). Here,

we specify their theoretically-relevant arguments and are agnostic about the primitive functional forms.
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— affects the optimization problem. First, individuals may have heterogeneous preferences
for committing a crime. Second, past criminal activity can influence the availability of
current and future alternatives, such as employment (via job offers) and welfare receipt (via
benefit eligibility). Third, an individual’s current and past criminal activity may affect the
probability of being caught. Fourth, being caught can have psychological (utility) costs and
imposes pecuniary and time costs, reducing available resources. Fifth, criminal activity and
its consequences may directly affect physical and mental health production. Finally, the
resulting health impacted by criminal activity (and other behaviors) will influence future

health transitions.

We now summarize the endogenous (Table[2) and exogenous (Table [3)) variables found in our
data that theory suggests explain the observed behaviors and outcomes. We also incorporate
geographically-identified, aggregated data from multiple public sources to capture exogenous
year-specific policy variation influencing individual behaviors, criminal justice involvement,
and health outcomes. Table {4 summarizes these policy environment measures across the

years and locations in the FF data. Section discusses identification in more detail.

4.2 Empirical Model and Econometric Considerations

Put succinctly, to measure the relationship between criminal record and health, we specify a
dynamic health equation in which future health depends on current health and health-related
inputs, with those inputs parametrized as functions of endogenous dynamic behaviors (em-
ployment, welfare receipt, and schooling/training) and criminal record. Operationalizing
this framework empirically requires addressing several econometric issues. These considera-
tions include: data limitations (that prevent solving and estimating the theoretical model);
dependence of current behaviors on past behaviors; simultaneity of behaviors; missingness of
dependent variables; unobserved criminal activity; stochastic probabilities of being caught;
dynamic health production specification; and endogenous initial conditions. The ordered
discussion allows us to specify each of the jointly estimated correlated probabilities and

densities (Equations [4li§| below) that form the likelihood function.
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Table 2: Descriptive Statistics: Endogenous Individual-level Explanatory Variables

Variable name Mean Std Dev Min Max
Employment history
Employed in ¢ — 1 | Not missing 0.576 0.494 0 1
Employment in ¢ — 1 missing 0.416 0.493 0 1
Welfare history
Welfare in t — 1 | Not missing 0.187 0.390 0 1
Welfare in ¢ — 1 missing 0.077 0.266 0 1
Schooling history
Enrolled in schooling/training in t — 1 | Not missing 0.249 0.433 0 1
Enrollment in ¢ — 1 missing 0.015 0.121 0 1
Less than eight years of education entering ¢ 0.040 0.196 0 1
Some high school entering ¢ 0.259 0.438 0 1
High school degree entering ¢ 0.252 0.434 0 1
GED degree entering t 0.064 0.245 0 1
Some college entering ¢ 0.217 0.412 0 1
Technical school entering ¢ 0.088 0.283 0 1
Bachelor’s degree entering ¢ 0.084 0.277 0 1
Graduate degree entering ¢ 0.056 0.229 0 1
Training program entering ¢ 0.079 0.270 0 1
Criminal history
Ever charged status entering ¢ missing 0.105 0.307 0 1
Ever convicted status entering ¢ missing 0.087 0.281 0 1
Ever incarcerated status entering ¢ missing 0.065 0.246 0 1
Conditional on knowing ever charged status:
Ever charged entering ¢ 0.110 0.313 0 1
Charge status in ¢t — 1 missing 0.026 0.160 0 1
Charged in ¢t — 1 | Not missing 0.022 0.145 0 1
Conditional on knowing ever convicted status:
Ever convicted entering ¢ 0.074 0.261 0 1
Conviction status in ¢ — 1 missing 0.053 0.225 0 1
Convicted in ¢ — 1 | Not missing 0.196 0.397 0 1
Years since last conviction entering ¢ missing 0.136 0.343 0 1
Years since last conviction entering ¢ | Not missing 4.615 4.256 1 31
Convicted in last five years | Not missing 0.282 0.450 0 1
Convicted in ¢ — 1 | Not missing 0.214 0.410 0 1
Conditional on knowing ever incarcerated status:
Ever incarcerated entering ¢ 0.053 0.224 0 1
Incarceration status in ¢ — 1 missing 0.084 0.277 0 1
Incarcerated in ¢ — 1 | Not missing 0.196 0.397 0 1
Years since last incarceration entering ¢ missing 0.154 0.361 0 1
Years since last incarceration entering ¢ | Not missing  4.097 3.033 1 24
Incarcerated in last five years | Not missing 0.260 0.439 0 1
Incarcerated in ¢t — 1 | Not missing 0.212 0.409 0 1
Health history
Bad general health in ¢ — 1 0.097 0.295 0 1
Depression in ¢t — 1 0.173 0.378 0 1
Bad general health and depression in ¢ — 1 0.035 0.185 0 1
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Table 3: Descriptive Statistics: Exogenous Individual-level Explanatory Variables

Variable name Mean Std Dev Min Max
Time-varying variables averaged over all person-years

Age 29.020 6.802 14 52

Married | Not missing 0.292 0.455 0 1

x White race 0.472 0.499 0 1

x Black race 0.092 0.290 0 1

x Other race 0.059 0.236 0 1

x Hispanic ethnicity 0.079 0.270 0 1

Marriage status missing 0.094 0.291 0 1

Number of children | Not missing 2.186 1.421 0 11

Number of children missing 0.531 0.499 0 1

Time trend (0=2000) 5.234 3.174 0 12

Time-invariant variables reported at baseline
Race | Not missing

White race 0.317 0.450 0 1

Black race 0.503 0.500 0 1

Other race 0.180 0.384 0 1
Hispanic ethnicity | Not missing 0.251 0.434 0 1
Demographic characteristics missing 0.016 0.126 0 1
Respondent’s mother highest grade completed | Not missing 11.690 2.935 0 18
Respondent’s mother highest grade completed missing 0.112 0.315 0 1
Respondent’s father highest grade completed | Not missing  11.902 2.997 0 18
Respondent’s father highest grade completed missing 0.325 0.468 0 1
Respondent’s mother deceased | Not missing 0.065 0.246 0 1
Respondent’s mother deceased missing 0.166 0.372 0 1
Respondent’s father deceased | Not missing 0.131 0.337 0 1
Respondent’s father deceased missing 0.170 0.376 0 1

Note: Respondent’s parental information enters the initial condition equations only.
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Table 4: Descriptive Statistics: State/local-level Price, Policy, and Supply-Side Variables

Variable name Mean Std Dev Min Max
Employment-related variables
Quarterly employment: female, low SES** 12.684 23.630 3.13  249.40
Quarterly employment: female, low education** 28.234 1.598 23.10 35.76
New hire rate: female, low SES* 0.438 0.259 0.09 1.38
New hire rate: female, low education* 0.485 0.092 0.23 0.77
New hire rate missing 0.061 0.239 0.00 1.00
Hiring rate: female, low SES (% of quarterly empl) 15.447 2.395 8.14 22.69
Hiring rate: female, low education (% of quarterly empl) 14.164 1.869 8.27 20.00
End of quarter hiring rate missing 0.040 0.196 0.00 1.00
Average monthly earnings: female, low SES (in 000s) 1.801 0.454 1.00 2.83
Average monthly earnings: female, low education (in 000s) 1.810 0.181 1.26 2.30
Average monthly earnings of new hires missing 0.061 0.239 0.00 1.00
Unemployment rate: female, white 4.332 1.256 1.70 11.20
Unemployment rate: female, white missing 0.038 0.191 0.00 1.00
Unemployment rate: female, Black 8.578 2.502 3.30 23.10
Unemployment rate: female, Black missing 0.044 0.205 0.00 1.00
Unemployment rate: female, Hispanic 7.269 2.291 2.20 20.40
Unemployment rate: female, Hispanic missing 0.227 0.419 0.00 1.00
Welfare-related variables
TANF monthly benefit: three person family 355.683  140.169  136.06  788.26
Severe sanction for first offense 0.435 0.496 0.00 1.00
Drug felony eligibility 0.340 0.474 0.00 2.00
Schooling-related variables
Average public 4-year college tuition (in 000s) 4.732 1.477 2.01 9.69
Average private 4-year college tuition (in 000s) 17.062 3.157 4.25 28.16
Average public 2-year college tuition (in 000s) 1.800 0.723 0.30 5.49
Crime-related variables
Number of violent offenses™** 7.953 2.401 1.67 23.81
Number of female prisoners** 1.046 0.530 0.15 2.69

State and local per capita expenditure: police protection®***  206.399 55.588 104.823 935.822
State and local per capita expenditure: judicial and legal**** 94,262 35.443  44.670 276.277

State and local per capita expenditure: corrections**** 182.985 38.454  86.170 555.131
Health-related variables
Annual average temperature 56.487 6.897 25.10 75.30
Annual lowest temperature 67.508 7.669 32.70 82.80
Annual highest temperature 45.465 6.210 17.50 67.70
Annual precipitation (inches) 39.195 10.809 6.24  137.54
Medicaid (#)* 3.941 3.061 1.32 14.80
Medicaid information missing 0.713 0.452 0.00 1.00
County HPSA rate: primary care 17.369 16.045 0 94.118
County HPSA rate: mental health care 11.772 13.256 0 61538
Average retail cigarette price ($/pack) 3.448 0.682 1.941 7.921
State/federal cigarette tax (% of ave price) 28.039 8.797  10.500  57.789
Average wine price ($/bottle) 5.666 0.758 3.942 7.923
Average beer price ($/6-pack) 6.521 0.827 3.974 8.408
Alcohol prices missing 0.002 0.041 0 1

Note: * per female population age 20-64; ** per thousand female population age 20-64; *** per thousand
population age 20-64; **** per capita. Dollar amounts are in year 2000 dollars. HPSA (Health Professional
Shortage Area). For continuous variables, we subtract the rounded mean value from the observed value when
used in estimation. Appendix Table [A3] details the sources for each variable.
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Data Limitations

Several key aspects of the theoretical model are unobserved in our data — and in most
datasets more broadly — making it impossible to estimate the decision-making problem de-
scribed above. We do not observe employment offers, the full set of determinants of eligibility
for public assistance, or engagement in criminal activity (i.e., the action ¢;) and, hence, lack
the data to estimate offer rates, benefit eligibility, and the probability of getting caught.
However, the economic theory guides derivation of (linearized) demand equations for ob-
served employment, welfare receipt, and schooling (via a Taylor series approximation of the
deterministic value functions in Equation [1). These behaviors depend on the variables that
define preferences, constraints, and uncertain future outcomes in the optimization problem
described in Section [d 1. We also use the theory to inform specification of stochastic prob-
abilities of observed charges, convictions, and incarceration resulting in a criminal record,
and the health production equation. The theory provides meaningful guidance regarding

theoretically-relevant exclusions for empirical identification.

Dynamic Demand and Serial Dependence

The resulting demand function for per-period actions depends on pre-determined variables
(i.e., the histories of an individual’s behaviors) as well as period t exogenous individual- and
system-specific variables (i.e., the vector Q; = [Cy, CRy, H;, XF, X[, X7, D, Z;]). Focusing
on one specific behavior for illustrative purposes, the latent demand for welfare participation

(or receipt), denoted by R}, is given by:
R:t = Rr(Ct, CRt, Ht, Ct_1,T¢—1,St—1, Dt, Zt) + UZ r = O, 1

where u,"" represents unobserved determinants of welfare receipt alternative r. Welfare de-
mand depends on whether the individual has recently been caught (C;) and her criminal
record (CR;, which includes charge, conviction, and incarceration histories); current health
status (H;); the observable histories of employment, welfare receipt, and schooling (summa-

rized by one-period behavior lags and schooling attainment); demographic characteristics
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(Dy); and system-level variables such as prices, policies, and supply conditions (Zt).ﬁ The
inclusion of r;_; captures any behavioral persistence, and we must account for unobserved
determinants of welfare participation in period ¢ that may be correlated with those in period
t — 1. Additionally, to interpret this persistence as causal, exogenous variables that influence

past behavior should not independently influence current behavior.

To allow for serial correlation in unobservables we decompose the error term, u{, where j
indicates the behavior of interest, into three components: a permanent component (u’),

a time-varying but serially-independent component (1/,;’ ), and an idiosyncratic component

7.
(€2):

ul = +vl +e€ .
The component ;7 is a source of permanent unobserved heterogeneity or correlation in

behavior j across periods, while the component Vf captures time-varying unobserved het-

erogeneity. The idiosyncratic error (e]) is assumed to be uncorrelated over time and

independent across behaviors. Its distribution governs the probability or density of ob-
served outcomes of interest, conditional on the other components of unobserved heterogeneity

(UH).

Substituting the error decomposition into the latent utility framework, the log-odds of welfare
receipt in period ¢, conditional on p and vy, are given by:

o [P = L)
plre = Olp, )

] = fR(OmCRt,Ht,et—l,Tt—bSt—l,Dt,Zt) ‘l’,uR + Vﬁ (1)

assuming that the idiosyncratic error € follows an Extreme value distribution, yielding a
logistic distribution for the difference. The permanent component ;7 captures any serial
dependence in behaviors over time that may not be attributed to observed variable dynam-

ics.

34 Although welfare eligibility and observed receipt depend on cumulative and consecutive welfare partic-
ipation histories, we include only one lag of welfare behavior (r;—1) due to data limitations — specifically,
incomplete information for some behaviors in some periods and a lack of histories at baseline for others.

35Correlation in the UH (p = [p, ..., u'] and v, = [v}, ..., }]) across equations over time and within a

period is discussed below after introducing all the jointly estimated equations j =1,...,J.
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Simultaneity and Cross Behavior Dependence

It is likely that employment, welfare participation, schooling, and criminal activity are jointly
chosen in each period. However, because the survey does not inquire about criminal activ-
ity directly and instead records only self-reported charges, convictions, and incarcerations
among individuals who were caught and disclosed such information, period ¢ criminal ac-
tivity cannot be modeled empirically. Nonetheless, the demand function for each of the
simultaneously-determined observed behaviors (employment, welfare participation, school-
ing) depends on the theoretically-relevant explanatory variables (as described in the previous
section), including the full vector of price, policy, and supply-side variables, which captures
potential cross price effects arising from substitutability or complementarity among choices,

including criminal activity.

Assuming independence of the idiosyncratic error (ei ) across behaviors j = E, R, S,C, and
allowing for unobserved correlation in behaviors through p and v, the jointly-determined

log-odds of non-employmentf’"| and schooling, conditional on u and v;, are specified as:

er = 0|, v
In {M] = fP(C,,CRy, Hy,er1,mi1, S0-1, Dy, Zy) + p® + vf (2)
pler = 1p, vy)
s¢ = 1|p, v
In [W] = fs(ctaCRtaHt;et—lyrt—hst—laDtaZt) +#S + Vig . (3)
p(se = 0lp, 1)
Two key features of the behavioral model — dependence on previous behaviors and si-

multaneity — are captured empirically through the inclusion of lags (discussed above) and
through correlation in unobserved determinants contemporaneously and over time. Specifi-
cally, contemporaneous behaviors may be correlated through observed explanatory variables,
denoted by Q; = [C}, CRy, Hy, €11, 741, St—1, Dy, Z;] and through common UH, represented
by the vectors 1 and v4. The error structure allows for correlation in behaviors across time
periods via permanent UH (u, which also enables us to distinguish behavior persistence
from true causal effects of lagged actions) and the time-varying UH (14) that introduces

additional contemporaneous correlation across behaviors in a given period, while remaining

36We estimate a logit probability of non-employment relative to employment, given that employment is
the most commonly observed outcome in our estimation sample.
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uncorrelated over time. The joint probability of employment, welfare receipt, and schooling

in period ¢, conditional on p and 4 (and observable variables ), is:

p(et =ETy =T 5 = S|:u7 Vt) = p(@t = 6|l’b7 Vt) 'p(rt = 7’|,LL, Vt) .p(st = S|M7 Vt)

since the remaining idiosyncratic error components, €], are assumed to be independent across

behaviors and over time.

To summarize (up to this point), the permanent UH (1) captures both contemporaneous cor-
relation in behaviors and serial correlation over time between current and lagged behaviors.
The time-varying UH (1) captures additional within-period correlation across behaviors and
any additional time-varying UH affecting behaviors over time. We discuss the (discrete) dis-

tributions of these unobserved components (random effects) in the estimation section.
Missingness

Researchers often confront empirical settings in which an endogenous variable is either un-
derreported or missing while a corresponding instrument is observed without error. Consider
Equations 1-3, where each current behavior depends on endogenous lagged behaviors. As
discussed in Section [3.2] the dependent variables for employment and welfare receipt are
sporadically unobserved for some individuals in some annual time periods depending on re-
sponses to questions in the per wave surveys. Hence, when used as endogenous explanatory
variables, some values of the lagged behaviors are missing in a non-random fashion. For
example, if welfare receipt in period t is unobserved, it becomes an endogenous explanatory
variable that is missing for modeling outcomes at the end of period ¢ (e.g., criminal and

health outcomes) as well as behaviors in period ¢ + 1.

To address this selection issue, we define a variable, mg, that indicates whether information
is missing (m] = 1) or observed (m] = 0) for endogenous behavior j € E, R (employment,
welfare receipt) in period t. The missingness mechanism may be random or non-random.
If missingness is random, the marginal effects of interest can be consistently estimated us-
ing observed data. However, if missingness is non-random, further distinction is needed:

is the selection on observables only, or does it also depend on unobservables that may be
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correlated with the outcome of interest? Methods to correct for selection on observables are
well-established and relatively straightforward (e.g., Hirsch and Schumacher (2004)), Bollinger
and Hirsch (2006]), and Heckman and LaFontaine (2006])). When selection depends on un-
observables, one approach is to jointly estimate a selection equation (i.e., the probability
that the information is observed) with the behavior equations conditional on the behavior
being observed, both as functions of the UH (u and v;). The probability that behavior j is
missing, using the log-odds specification, is:

n [p(mg_”’“‘”ﬁ)] — fMi(Cy, CRy, Hy,ye41,74-1, St-1, M1, Dy, Zo, W) + ™ + 0 j= E,R  (4)
p(m; = 0lp, 1)

where the specification includes an additional variable, W;, which indicates the most recent

survey wave in year t. The wave indicators serve as exogenous shifters that affect the observ-

ability of particular behaviors due to changes in survey design or question wording. Since

missingness depends on histories of behaviors that might be missing, we also include indica-

tors of missing values of lagged endogenous variables (m;_1) in the specification, recognizing

that endogenous responses to prior questions influence whether behaviors are reported in the

current period — reflecting the endogeneity of missingness.

Consequently, for any behavior j, we only observe outcomes conditional on that behavior
being observed (i.e., m! = 0). The conditional probabilities for employment and welfare

receipt (only when observed), and schooling (which is always observed), are:

(
|:p(et = 1|mtE = Oaljﬂyt)_
|:p(7"t = 1\mf‘ =0, p, Vt)_
p(rt = 0|mf =0, pu, Vt)_

p\e = 0|mf = O,u,yt)_

= fE(Ct7 CRt7 Ht7 €t—1,Tt—1, St—1, TMt—1, Dt; Zt) + ,LLE + VtE

In
In = fR(Cm CRy, Hy,ei1,71-1, St—1, My—1, Dy, Zy) + ,MR + VtR (5)

- fS(Ct7 CRt7 Ht7 €t—1,Tt—1, St—1, M1, Dt7 Zt) + ,LLS + VtS

In {p(st = 1|, 4)]
p(se = 0|p, 1) |

where the indicators of missing lagged behaviors is included in the speciﬁcations.@

3TWe note that the wording of the questions about employment prevent us from including lagged (t — 1)
employment in the current employment (¢) equations. We do, however, include lags of the other behaviors.
To maintain the same vector of explanatory variables for each behavior, we exclude lagged employment from
each behavior equation.
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Stochastic Criminal Record Outcomes: Charge, Conviction, and Incarceration

When making behavioral decisions in period ¢ — including whether or not to engage in crimi-
nal activity — an individual considers her chances of being caught (i.e., being in the “caught”
state in period ¢ + 1). For the researcher, an individual is considered “caught” if a charge,
conviction, or incarceration is observed. Whether one’s annual status can be determined de-
pends on the information that can be extracted from survey questions in each wave. While
the data allow us to observe the timing of new convictions and incarcerations, the timing of
all observed charges is not always available. We assume that a conviction occurs conditional
on being charged, and an incarceration occurs conditional on being convicted (and thus,
charged). Using information on the timing of new offense records, we model the conditional
probabilities (expressed in log odds below) of observing a new charge (conditional on not
missing), conviction (conditional on being charged), and incarceration (conditional on being

convicted) entering period ¢ + 1 — denoted C},,, C7,, C} 4, respectively — as:

t+1 — 1‘Ct+1 Lop, vy

C3 0|C —1 LV _f03(0t7CRtaHhetht?St?mtth;Ztc)+/1’C3 —i_ljtc3
t+1 — t+1 — » Mt

p(C} 1|lm 0, i, v,
ln E AN - O:mt+1 0 Z t; - fCl (Ct7 CRta Ht7 etvrtv Sty My, Dta Ztc) + /“LC1 + l/tC1
t+1 - t+1 — Vi
e, =1, 1,
ln |:p Ct;_l Olct+1 1 //: t; = fcg(ch CRta Ht7 €ty Tgy Sg, My, Dt7 Ztc) + MCQ + VtC2 (6)
t+1 - t+1 — » Ut
ve) |
)]

@
[

and the probabilities (log odds) of not observing charge status are

I !p(mm L, )

rcl L 1
p(m = 0|M V. )] fjuc (Ct7 C 1) ‘Ht7et77t7 Sty My, Dt, Ztc7 VI/t) + MZMC - Vt]WC ( )
t+1 s Mt 7

One’s caught state depends on behaviors chosen in period ¢ as well as UH (u and ;). Thus,
any unobserved correlation between behaviors and criminal outcomes (charges, convictions,
incarcerations) is captured through the estimated UH distributions. Because “caught” status
is realized at the end of period ¢ (or entering period ¢ 4 1), after the individual’s behaviors
in period ¢ are chosen and realized, some components of Z; — specifically, ZE, ZE and Z?
— are excluded from these probabilities. The vector Z is included because these variables

directly determine the risk of criminal justice involvement [*¥]

38We also assume that individuals are not falsely apprehended; that is, ¢; = 1 if a charge, conviction, or
incarceration is observed.
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Stochastic Health Outcomes: Health Production

Ultimately, we are interested in the short- and long-run impacts of a criminal record on
health outcomes. In Section 41, we specified the health production function, substituting in
the determinants of (unobserved) health care inputs, which produces the stochastic health
equation below. This specification incorporates the decomposed error structure that allows
for potential correlation (between health outcomes and the observed behaviors and criminal
outcomes) through the permanent and time-varying UH components. Recall that criminal
activity during period ¢ (¢;) is not directly observed. As a result, we cannot estimate the
effect of criminal participation, per se, on health (as shown on the first line of the health
production equation below). However, we do observe whether the individual was charged,
convicted, or incarcerated as a result of such criminal activity, which defines the “caught”
state in the subsequent period, C;, ;. Thus, we can estimate the direct impact of a recent
charge, conviction, or incarceration on health (second line of health production equation

below). The stochastic health outcome entering period ¢ + 1 is given by:

Hyyy = gH(Ht,CRm@tﬂ“t,St?Ct,Dt,ZtH)+,UH+’/tH+€tH

= B"(Hy,CRy, e, 1, 80, My, Crin, Dy, Z) + " + 0 + €7 (8)

The production function h(-) includes the observed updated outcomes Cyyq to reflect the
effects of being caught (for recent criminal activity) on subsequent health. A history of
criminal behavior, captured by one’s criminal record CR;, may also impact health evolution.
Exogenous health determinants — including location-specific, time-varying weather condi-
tions and the pecuniary and time costs of health-related inputs (e.g., medical care, cigarettes,
alcohol) — are included in Z P°| The equation also includes the indicator (m;) for missing

endogenous behaviors or recent charges.

In our empirical implementation, we include two measures of health: physical health and

mental health. Physical health (ranging from excellent to poor) is modeled as a continuous

39Conditional on employment, welfare receipt, schooling, and criminal record, other determinants of the
vector of price/policy/supply/system characteristics (Z;) do not independently influence health transition
under the assumption that the health-related inputs are chosen subsequent to the modeled behaviors.
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variable with higher values indicating better health. Mental health is captured by a bi-
nary indicator reflecting whether the individual meets the criteria for the (liberal) validated

measure of depression.

Correlated Initial Conditions

Each of the dynamic equations defined above includes lagged endogenous variables. Because
women in the survey are first observed between ages 14 to 25, there is likely to be hetero-
geneity in their behaviors, criminal history, and health observed at baseline — all of which
are endogenous. That is, these initially-observed conditions may reflect both observable and
unobservable individual variation that is correlated with current behaviors and outcomes. To
account for this potential correlation, these equations allow for dependence on the permanent
component of unobserved heterogeneity p. We estimate static initial condition equations for
having ever been charged, convicted or incarcerated prior to survey entry, as well as for

initially-observed physical and mental health at t = 1[5

4.3 Estimation and Identification

Equations [4{8] along with the initial conditions and attrition equations, define the prob-
abilities or densities that comprise an individual’s contribution to the likelihood function,
capturing the observed behaviors and outcomes in the data and their endogenous missingness
where appropriate. We estimate the equation system using full information maximum likeli-
hood (FIML) combined with a discrete factor random effects (DFRE) approach to account
for both permanent and time-varying UH that allows for correlation across the equations.
Rather than imposing distributional assumptions to integrate out this unobserved correla-

tion, the DFRE estimation method — originally proposed by Heckman and Singer (1984))

40We do not include three additional initial-condition equations for employment, welfare receipt, or school-
ing/training because these variables exhibit greater missingness and limited variation at initialization relative
to later waves. As such, it is only the first period of the dynamic behavior equations that is not completely
modeled while the rest of the panel is handled rigorously. We instead prioritize initial states for the core
mechanisms of interest — criminal history, health, and depression — and note that the long panel length
and the correlation of the initial conditions with the estimated permanent UH mitigate the influence of
initialization assumptions.
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for single-equation models and extended to systems of jointly-estimated equations by Mroz
and Guilkey (1992)) and Mroz (1999) — assumes that the correlated error components follow
discrete distributions that are estimated directly from the data. Specifically, the distribution
of permanent UH is modeled using a vector of mass points, px, and associated probability
weights, 0, for k = 1,..., K, where K is chosen empirically. The mass points and weights
are estimated jointly with the other parameters of the likelihood function, with just a few
normalization assumptions for identification (i.e., we normalize one set of mass points to
zero). Similarly, the distribution of the time-varying UH component, v, is approximated
by a vector of discrete mass points, v, and their associated weights, ¢y, for £ = 1,... L,
which are also estimated jointly. We estimate the model via maximum likelihood, iteratively
adjusting the number of support points K and L until the marginal gains in the likelihood
plateau and the estimated coefficients stabilize to determine the best-fitting specification.
Our final model includes eight mass points for each heterogeneity distribution, with full es-
timation results reported in Appendix Tables BIfBI3] Recall that Table [I] from Section
summarizes the full set of estimated equations — for behaviors, criminal outcomes, health
outcomes, missingness, initial conditions, and attrition — that, conditional on observed vari-
ables and UH, form the unconditional likelihood function (i.e., integrated over the estimated

discrete distributions of the permanent and time-varying UH).

To assess credibility of causal claims (i.e., the direct and indirect effects of criminal record
on health), it is important to discuss identification in this multiple-equation dynamic sys-
tem. Recall that there are several econometric concerns: endogeneity, dynamic feedback,
simultaneity, initial conditions, and missingness (selection). Our first source of identifica-
tion comes from exogenous variation in the price, policy, and supply-side environment (Z;).
Consider estimation of unbiased effects of endogenous and lagged variables. These situations
occur in the dynamic health production functions (where future health depends on current
health and current behaviors) and the dynamic demand functions (where current behaviors
depend on lagged behaviors and lagged health). Additionally, these outcomes/behaviors
depend on criminal record, which is an indicator of histories of endogenous criminal justice

interactions. The estimated behavior probabilities contain theoretically-relevant time- and
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location-specific market shifters — such as local average wages by sector, state welfare eli-
gibility thresholds, and average in-state public college tuition rates — detailed in Table [4]
In the case of estimating dynamic health outcomes, it is assumed that the exogenous vari-
ables that influence the health inputs (i.e., behaviors) do not have an independent effect
on health, conditional on the inputs. To identify health state dependence, we rely on the
lagged values of time-varying exogenous variables, such as physician and insurance density,
cigarette and alcohol prices, and weather. Because these past values affect past health but
do not directly affect current health conditional on lagged health, excluding them from the
current health production equation provides the requisite identifying variation. Similarly,
in the case of estimating behaviors dynamically, changes in exogenous variables over time
influence past behaviors and have no independent effect on current behaviors, conditional

on the past behaviors.

A second source of identification comes from the inclusion of exogenous variation in individual-
specific characteristics (D;), which may be time-invariant or time-varying (see Table . In
addition to cross-sectional variation, time-varying individual characteristics create within-
person variation over time, consistent with the identification approach in Arellano and Bond
(1991). The three initial condition (static) equations depend on relevant time-varying supply-
side variables (Z{, Zf) and additional individual-specific exogenous covariates, such as the
respondent’s parents’ education levels and mortality status via D;—;, that should not have
an independent effect on subsequent dynamic behaviors/outcomes conditional on the lagged
behavior/outcome. To help identify the missing variable probabilities, we include the wave
indicator W, and lagged behavior and missing indicators, which capture differences in infor-
mation we are able to recover based on (exogenous) differential wording in and (endogenous)

responses to survey questions.

Lastly, identification is aided by a few covariance assumptions regarding UH as well as the
non-linearity of (most of) the functions that we estimate. We explicitly model and estimate
(via random effects) the unobserved heterogeneity that might capture correlation over time
and across behaviors or health outcomes within a period. Yet, we impose no distributional

shape assumptions but, rather, estimate discrete distributions of the estimated mass points
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(which requires a normalization). The common unobserved components — both permanent
and time-varying — do not rely on linear factor loadings across equations. Instead, their
cross-equation relationships are allowed to be fully flexible and non-linear, imposing minimal
covariance restrictions. Importantly, our modeling of both permanent and time-varying UH
addresses potential mis-measurement associated with persistent reporting differences (e.g.,
underreporting of criminal involvement) and spurious dynamics as well as misreporting that

may vary across time (e.g., recall error or transitory noise).

Empirical tests confirm identification. Theoretically-relevant price/policy/supply-side vari-
ables are jointly significant in the equations in which they are included (with results found
in the notes of Appendix Tables B12). We also test the null hypotheses that our
theoretically-justified excluded variables are not jointly significant in the equations from
which they are excluded, conditional on the endogenous variables. In almost all cases, the
assumptions hold. One exception is in our general health equation. While the employment,
welfare, schooling, justice-system and initial health exclusion variables (ZE, ZE 75 Z¢ D)
are not significant at the 5% level in the depression equation, there is evidence that some of
these excluded variables significantly affect general health, even conditional on employment,
welfare receipt, schooling, criminal history, and lagged health. This finding suggests that
there may be social-determinants channels through which local economic distress, punitive
TANF rules, tuition burdens, and criminal-justice environments, for example, could plau-
sibly affect health directly through omitted income, stress, neighborhood conditions, and
service access. Similarly, genetic impacts may not be fully captured through lagged health

and depression variables.

4.4 Defining the Effects of Criminal Record on Health

At this point, we have the notation needed to describe the effects of a criminal history on
health — the relationship we aim to quantify. Recall that criminal history is represented by
the vectors CR; and C;, where CR; captures cumulative outcomes (i.e., whether ever charged,
convicted, or incarcerated, and years since last such event), and C} captures recent criminal

events (i.e., those occurring in the previous period). For ease of exposition, we use CR; to
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denote both recent and historical criminal record in the following derivation of the impact

of criminal record on health. Specifically,

dHypn  OW(Hy, CRy, ey, 1y, $1,my, Dy, ZE 1, 1)
dCR, OCR,
S ap(et:67Tt:T75t:S|Qt7Nth)
+ZZZhH(Ht,CRt,e,r,s,mt,Dt,ZtH,/L, V) 9CR,
e=0 r=0 s=0
N OhH (Hy, CRy, e, 14, 8¢, my, Dy, ZH i vy) OH, ©)
0H, OCR; -

The first line captures the direct effect of a criminal record on health, conditional on ob-
served behaviors. The second line reflects indirect effects operating through changes in
contemporaneous behaviors — employment, welfare receipt, and schooling — that are po-
tentially affected by a criminal history. Because our model distinguishes between having a
prior-to-t criminal record and being caught during period ¢ (i.e., prior to the realization of
Hy 1), the first two terms in Equation @ account for both recent and historical criminal out-
comes (either directly or indirectly via behavior). The third term captures the lagged effect,
or indirect dynamic effect, of prior criminal outcomes on health entering period ¢ — a path-
way relevant for estimating long-term impacts, but not for short-term impacts conditional

on current health.

Rather than calculate the analytical derivative, we simulate behaviors and outcomes over
time. Simulation allows us to assess the fit of the data generating process to the observed
data, taking into account the probabilities of observability where relevant. It also allows
us to impose particular behaviors and calculate resulting health outcomes. For simulation
purposes, we define the joint probabilities of the conditional behaviors, p(e; = e, ry =, 8 =
simP = 0,mP = 0,Q, u,v;) for each of the eight combinations of the binary behaviors
e,r, and s (using Equations [5)). The joint probability over the eight behavior combinations
is defined conditional on observability of employment and welfare receipt, as well as the
observed state variables and UH. Observation probabilities (Equations4)) enter the likelihood

for the observed data, but are not part of the probability distribution over latent behavior
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states used in simulating the derivatives.

E R
ples =erp=r,s50=8lmy =0,m' =0,Q, u, 1) =

ple; = e|méLJ = 0,0, 1) X p(ry = T|mf =0, p,v) X p(sy = s|Q, 1, 1)

The observed criminal outcomes of [C}, |, CZ, |, C?, ] include {0, 0, 0}, {1,0,0}, {1,1,0},{1,1,1},
and we similarly define their joint probabilities, conditional on a charge being observed. Af-
ter all equations have been jointly estimated, these probabilities are used to simulate the

correlated behaviors, criminal record outcomes, and health outcomes over time.

5 Estimation Results

In this section, we present empirical findings from estimation of the jointly-estimated set of
behaviors, criminal record, and health outcomes that also accounts for endogenously missing
data (on employment, welfare receipt, and criminal charges). The estimated equations are
dynamic, allowing endogenous past behaviors and outcomes to influence current ones, and
flexibly incorporate both permanent and time-varying observed and unobserved heterogene-
ity, thus enabling the estimation of direct, indirect, and dynamic causal effects of criminal

records on health.

Our empirical model consists of 14 equations — 11 dynamic and 3 static equations — jointly
estimated using FIML with DFRE to capture correlated UH. (See Appendix Figure
for a summary of the equation system and endogenous, exogenous, and UH determinants.
Parameter estimates are reported in Appendix Tables B12) Due to the complexity of the
system — including numerous feed-forward effects, interactions, and potential non-linearities
— it is not feasible to infer key effects directly from parameter estimates (although statistical
significance of estimates is informative). Instead, to compute marginal effects, we simulate
behaviors and outcomes under different criminal history scenarios for R=500 replications
of each individual in the sample. For each replication, we draw the individual’s non-time

varying unobserved type from the estimated discrete distribution of permanent UH (u)
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and, in each period, draw an unobservable from the estimated discrete distribution of time-
varying UH (Vt).@ Simulation follows the model’s dynamic data-generating process: we use
the equations, estimated parameters, exogenous variables, unobserved types, and i.i.d. errors
to simulate endogenous behaviors for one year. We then update the relevant within-period
state variables based on these simulated behaviors, and simulate criminal status. Then,
we simulate the health outcomes at year’s end. After updating lagged state variables, the

iterative process continues annually@

5.1 Direct Effects of Criminal Record on Health

We now discuss findings using annualized data and the jointly-estimated dynamic equation
system, which models endogenous behaviors and criminal status and corrects for selection
into observability of employment, welfare receipt, and charges (i.e., endogenous missingness).
This framework allows us to recover causal impacts of a criminal record on health outcomes.
We compute the direct marginal effects (reported in Table [5)) of current (period ¢) charges,
convictions, and incarcerations, as well as the impact of a past criminal history (via a crim-
inal record), on subsequent (period t 4 1) health. For comparison, we simulate the two
health outcomes — general health and depression — for a baseline scenario of no criminal
involvement. In Scenario 1, for example, we impose a criminal charge in period ¢, resulting in
the acquisition of a criminal record. In other scenarios, we vary the criminal record history
to reflect recent and past involvement with the criminal justice system. We report average
marginal effects calculated through simulations, which isolates the direct component of the

total effect of a criminal record on health (as defined in Equation [J)).

41 Appendix Table lists estimates for equation-specific elements of each mass point vector and its
associated probability weight. The best fit uses eight mass points to represent each distribution of UH.

42The data-generating process implied by the jointly-estimated dynamic model fits the observed data well
(Appendix Figures IC3]). To explore associations between criminal records and health outcomes using only
the wave data, we also estimate traditional single-equation static models of health. This approach avoids
the missing data issues that must be dealt with in the annualized sample, but limits inclusion of endogenous
dynamic information due to non-uniform lags between waves. Given the multiple observations per person,
we control for permanent UH using individual fixed effects to examine causality. See Appendix Section C2,
Figure C4, and Table C1 for results from the single equation analysis.
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We find that a recent charge without conviction or incarceration (Scenario 1) raises the
probability of depression by nearly four percentage points, with a clinically insignificant
improvement in general health of less than one percent of a standard deviation. A recent
charge accompanied by a conviction (Scenario 2) reduces general health slightly and in-
creases depression by seven percentage points. A recent drug-related conviction (not shown)
has a larger negative effect on general health.ﬁ Past (five years ago) charges and convic-
tions (Scenarios 4 and 5), with no recent criminal justice interactions, also reduce health
and increase depression risk modestly. However, charges and convictions that lead to in-
carceration, regardless of whether experienced last year or five years ago (Scenarios 3 and
6), have no statistically significant direct effect on health. The positive offsetting impacts
of incarceration may reflect increased diagnosis or detection of untreated conditions or tem-
porary reductions in exposure to environments associated with substance use, violence, or
other health-compromising stressors. However, given recent survey evidence that incarcer-
ated women disproportionately serve time in jails — which are less equipped to provide
adequate health care — rather than prisons, and that only half of incarcerated women with
substance use or mental disorders reported receiving treatment ] these findings could also
reflect differences in perceived costs, stressors, or valuation of future health among formerly-

incarcerated women relative to women with lower levels of criminal justice contact.

5.2 Indirect Effects of Criminal Record on Health

We also assess criminal record impacts on employment, welfare receipt, and schooling/training
, which is necessary for calculating the indirect pathway specified in Equation [9] These be-
haviors may be shaped by the collateral consequences of criminal justice involvement by way
of social determinants of health, such as limited or reduced job opportunities, changes in
social services eligibility, and restricted access to student loans. Table [f] reveals the effects of
recent (t — 1) or past (5 years ago) criminal record scenarios on current (¢) behaviors, since

current behaviors impact subsequent health.

43We note that general health measures (e.g., self-reported health status) tend to reflect overall well-
being and change slowly, making them less sensitive to recent events, whereas mental health measures (e.g.,
depression and anxiety) are more immediately responsive to short-term circumstances.

44Gee https://www.prisonpolicy.org/blog/2024/03/05/womens_pie_2024. Accessed May 25, 2026.
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Both theory and conventional wisdom suggest that a criminal record, which reports contact
with the criminal justice system, will negatively impact the behaviors we model, which are
assumed to be activities that support well-being. However, the results presented in Table [6]
reveal more nuanced findings. Individuals recently charged or convicted (Scenarios 1 and
2) are more likely to receive welfare benefits, and those recently convicted (Scenario 2) are
less likely to enroll in schooling or training. Interestingly, a recent incarceration (Scenario 3)
has no impact. While these results suggest no statistically significant impacts of a recent en-
counter with the justice system on employment, we did find that women recently convicted of
a drug-related crime were more likely to be employed the following year. These positive find-
ings may reflect a distinct consequence of contact with the criminal justice system: exposure
to employment resources, social support, and health services that may have been previously
unavailable, inaccessible, or unknown. Alternatively, women may seek out legally-available
resources, rather than fulfilling financial needs via illegal activities that could result in an-
other charge or conviction, even if those resources are considered insufficient or burdensome

to access. @

Another possible explanation involves sentencing dynamics. Sentences for criminal convic-
tions may include immediate probation, fines, restitution, or community service, while some
individuals receive deferred adjudication or suspended sentences. These alternatives often
come with conditions — such as completing a substance abuse program, avoiding future
offenses, or demonstrating responsible behavior — that create incentives to engage in pro-
social activities. These requirements may be especially salient for single mothers, who could
face additional consequences such as loss of child custody or supervision if they fail to com-
ply. It has also been suggested to us that some women may simply be “playing it safe” after

a stressful encounter.

45To test whether justice-system contact prompts individuals to substitute legal for illegal income, it
would be ideal to evaluate employment and welfare behavior following purely income-generating crimes.
However, our data cannot cleanly distinguish drug sales from possession and use, nor can we separate
income-generating property crimes from offenses like shoplifting. With more detailed charge information, we
could directly compare this income-substitution hypothesis against alternative mechanisms that might drive
the welfare responses and employment response following drug-related convictions.
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A past charge (Scenario 4) increases schooling/training enrollment and past charges, convic-
tions, or incarceration (Scenarios 4, 5, and 6) increase welfare participation. These responses
may reflect efforts to find legal pathways for coping with life’s stressors or to build human
capital so as to become more financially self-sufficient through labor market means. We
do find evidence that past convictions and incarcerations occurring five or more years ago
(Scenarios 5 and 6) reduce the likelihood of employment, suggesting enduring barriers in the
labor market associated with previous convictions or imprisonment. For women with more
distant criminal justice involvement, increased welfare participation may also reflect the cu-
mulative effects of collateral consequences that limit employment opportunities over time,
eventually increasing engagement with formal support systems that provide employment

assistance, training, and pathways back into the labor market.

To understand how the behavior changes induced by a criminal record affect health, we
compute the marginal effect of each behavior on subsequent health. Table [7] shows that, on
average, none of these behaviors have a statistically significant effect on either general health
or depression. Given the extensive literature documenting causal effects of employment, wel-
fare participation, and education on health outcomes, this null result was initially surprising.
However, these average marginal effects reflect the impact of a given behavior in period ¢
on health in period ¢ + 1, averaged across heterogenous individuals and, importantly, across

health status at the beginning of period t.

Further investigation revealed that the relationship between behavior and future health varies
substantially with current health, particularly mental health. Appendix Table [B9| helps clar-
ify these heterogenous effects, showing statistically significant coefficients for some behaviors
both on their own and interacted with lagged health measures. Employment reduces the
risk of depression for those not currently depressed, but increases it among the depressed.
We find that welfare reduces the probability of depression among women who are currently
depressed, but increases it among those without depression. Schooling/training exhibits a
similar pattern of heterogeneity in its effects depending on health entering the period. In
our sample of disadvantaged women, relatively few have completed college. Those most

likely to be participating in schooling or training are those without a bachelor’s degree, and
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Table 7: Contemporaneous Marginal Effects of Employment, Welfare
Receipt, and Schooling on Health and Depression

Comparison Average Outcomes Contemporaneous ME
Scenarios in ¢ in ¢ (scenario - baseline)
health  depression health depression

Baseline: Not employed 3.684 0.184
(0.033) (0.128)

Scenario: Employed 3.687 0.181 0.003 -0.003
(0.033) (0.085) (0.003) (0.047)

Baseline: Not On Welfare  3.687 0.176
(0.033) (0.111)

Scenario: On Welfare 3.686 0.187 0.000 0.012
(0.033) (0.124) (0.001) (0.015)

Baseline: Not enrolled 3.685 0.177
(0.033) (0.108)
Scenario: Enrolled 3.683 0.183 -0.003 0.006

(0.033)  (0.127)  (0.002)  (0.025)

Note: Standard errors (in parentheses) are bootstrapped parametrically
with 500 draws. *** p<0.01, ** p<0.05, * p<0.1.

the schooling is more likely to lead to a certification (non-degree credential) or technical
degree (2-year degree) rather than college completion. The contrasting health effects may
reflect how women perceive the marginal value of these educational investments. For those
experiencing depression, even modest schooling or training may provide a sense of accom-
plishment and hope for one’s future, which are often diminished in major depression. In
contrast, women who are not depressed and pursuing marginal advances in human capi-
tal may appraise the returns differently: while training can increase employability, it often
channels them into low-wage jobs with limited opportunities for advancement, dampening
its perceived benefits and potentially worsening mental health. These findings highlight that
the effectiveness of policies promoting employment, welfare, or schooling/training depends
on one’s current health status. It suggests that, for disadvantaged women in particular,
efforts to improve health may need to precede or complement interventions (i.e., additional

schooling/training) aimed at increasing employment.
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5.3 Potential Policy Impacts on Long-run Health

Having examined the contemporaneous effects of a criminal record on behaviors and health,
we now turn to its long-run effects, which arise through the dynamic interplay of these cor-
related behaviors and outcomes over time. Specifically, a criminal record in an earlier period
affects contemporaneous behaviors and subsequent health. In turn, those behaviors and
health outcomes impact future behaviors and outcomes. We can predict those long-term,
cumulative impacts via simulations of the estimated dynamic model over time. Addition-
ally, we simulate several policy-relevant scenarios designed to assess the effect of “ignoring”
criminal record information within the social systems (employment, welfare, and schooling)
that shape the modeled behaviors[¥] As a baseline, we simulate the trajectories of all indi-
viduals under the assumption that they are never charged, convicted or incarcerated. (See
Table[8|) We then consider several within-model partial-equilibrium changes in how criminal
record information enters selected equations. In Scenario 1, each individual is charged and
convicted in 1997 but experiences no subsequent criminal justice involvement through 2010.
We compare this scenario to Scenario 2, in which the same 1997 criminal record occurs, but
its impact on employment is artificially removed — that is, the coefficients linking criminal
record to employment are set to zero. While we do not explicitly evaluate “ban-the-box”
policies, this scenario encompasses “ban the box” sentiment, where potential employers have
no information on applicants’ criminal offense historiesE] Scenarios 3 and 4 apply the same
logic to welfare receipt and schooling/training enrollment, respectively. In each case, we set
the relevant coefficients on criminal record to zero to assess the impact of eliminating its

influence in a given domain.

46 Agan et al. (forthcoming) explore the long-run impacts of record remediation policies (i.e., initiatives
to expunge or seal criminal records) and find limited effects on employment.

47In an institutional context, “ban the box” delays the disclosure of a record at the initial hiring stage; it
does not erase the history from background checks or shift employer beliefs along the entire hiring pipeline.
Our simulations serve as an accounting exercise of the model’s channels rather than an evaluation of a specific
policy, most of which occurred after our sample timeframe. Early adopters of such policies include Hawaii
(1998), San Francisco (2005), and Minnesota (2009).
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First, to better understand the channels through which a criminal record may exert long-
term effects on health, we summarize the impact of each simulation scenario on individual
behaviors over the 1998-2010 period. Relative to no criminal involvement, this crime scenario
(Scenario 1) reduces employment and increases welfare receipt and schooling/training, on
average, over the period. Removing the criminal-record effect from the employment equation
(Scenario 2), we find that the likelihood of being employed increases, almost returning to
baseline (i.e., no crime), with no changes in welfare and schooling (relative to Scenario 1)[F]
This finding supports recent economic research suggesting that women’s employability may
benefit from nondisclosure efforts, in light of the types of crime they are more likely to
commit, relative to men. Men, on the other hand, may suffer in the absence of criminal
history information, since employers may engage in statistical discrimination (Doleac and
Hansen 2020). A criminal record increases welfare participation generally (Scenario 1 relative
to baseline), and removing the direct effect of criminal record on welfare participation leaves
the likelihood of welfare unchanged (Scenario 3 relative to baseline). Also, employment
increases slightly and enrollment decreases slightly. When the direct effect of criminal record
on schooling /training is removed (Scenario 4), the long-run increase in schooling participation

that was induced by crime is erased.

Second, we assess the effects of a criminal record on general health and depression in 2010
(not averaged over the time period). A criminal record of the type in scenario 1 leads to
a statistically significant reduction in future health (from a level of 3.618 to 3.595 on a
5-point scale) and an increase in future depression (from a probability of 0.206 to 0.243).
However, ignoring the impacts of one’s criminal history on employment (scenario 2) or welfare
(scenario 3) yields no changes in long-term general health or depression relative to scenario 1.
When applied to schooling (scenario 4), such a policy slightly increases general health but the
impact is negligible. Based on contemporaneous impacts of criminal record that differed by
health entering the period, we suspected that these null long-run health impacts associated

with shutting down particular behavior channels might similarly reflect average effects that

48Recall that lagged employment is not included in the dynamic behavior equations, but could impact
future behaviors through its impact on health over time.
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masked the heterogenous impacts by previous health status. We disaggregated the long-
run impact calculations by initial health or depression status in 1997. Indeed, less healthy
women with a criminal record experienced reductions in long-term physical and mental
health, relative to Scenario 1, while healthy women saw slight improvements in physical and

mental health twelve years later [7]

6 Conclusion

There are two key takeaways from our findings. First, we provide evidence of criminal record
impacts on employment, welfare receipt, and schooling/training. Namely, past criminal con-
viction and incarceration has negative impacts on short- and long-run employment, with
some indication that drug-related convictions may improve the likelihood of employment;
both recent and past criminal offenses increase welfare receipt; and a recent conviction re-
duces the likelihood of schooling/training in the short-run but increases it in the long-run.
Collectively, the findings suggest that criminal justice involvement may reshape life-course
decisions among disadvantaged women by limiting employment opportunities while simulta-
neously increasing engagement with welfare programs and, over time, schooling/training ac-
tivities. Second, the health impacts of employment, welfare participation, and schooling vary
significantly depending on a woman’s current health. For example, schooling/training re-
duces depression risk for depressed women but increases it for those currently non-depressed,
while employment has the opposite heterogeneous effects. These findings underscore the im-
portance of accounting for health heterogeneity when designing or evaluating criminal justice

reforms aimed at promoting employment, educational engagement, or welfare use.

The findings also suggest that the benefits women could accrue from developmental oppor-
tunities in TANF (i.e., schooling/training access) and/or employment — either in lieu of
or following acquisition of a criminal record — may be more effective when preceded by
or paired with interventions that identify and address health challenges in this group. As

our findings indicate, offering health support at the point of TANF or employment entry

49Results are available from the authors.
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is likely critical, where features of “just-in-time” adaptive interventions seem particularly
relevant (Nahum-Shani et al. 2018). Evidence-based interventions designed with and for
women receiving TANF have demonstrated significant improvements in depression and em-
ployment outcomes under varying labor market contexts (Kneipp et al. |2011; Kneipp et al.
2013). Broad-scale delivery of such interventions could have positive health effects for at-risk

women across the U.S.
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A Appendix: Additional Sample and Data Details

Survey Wave: Baseline Year 1 Year 3 Year 5 Year 9

//\ A (—)\ﬁ(—)\ﬁ A Year 15 Year 22
€<+ttt

Interview Year:1998 99 00 01 '02 03 04 05 ‘06 07 08 09 10 ---'14---°20

Women per calendar year

Women per survey wave
533 1346 2033

3912

533 598 2795 44 63 4033
52514751912 3912

449 1425 1810 27 3711

242 1051 1714 97 3104

Figure Al: Timeline of Interviews (calendar year) within Survey Waves
of the Estimation Sample
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Table Al: Empirical Distribution: Annualized
Observations by Year

Year Sample Size Attriters Attrition Rate

1998 1,879 _ ;
1999 3,912 : ;
2000 3,926 _ ;
2001 3,970 54 1.36
2002 3,979 84 2.11
2003 3,805 270 6.93
2004 3,625 200 5.52
2005 3,425 317 9.26
2006 3,108 4 0.13
2007 3,104 _ _
2008 2,862 : ;
2009 1,811 . -
2010 97 _ _

Number of person-year observations: 39,593

Note: Sample Size = number of women with ob-
served or constructed variables in a specific year.
Attriters = number of women who drop out of the
estimation sample at the end of that year.
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Table A2: Additional Detail: Annualized Sample

Years with No Missing Data on:

Years Observed  Welfare Employment,
Years per person & Charge  Welfare, & Charge
0 0 2 5
1 0 17 28
2 0 20 78
3 0 55 278
4 60 125 458
5 259 280 1228
6 107 255 684
7 467 482 456
8 134 261 301
9 22 308 210
10 234 776 161
11 2474 1952 146
12 265 0 0
13 11 0 0

Number of persons in annualized sample: 4,033

Note: Years Observed = total number of years a woman con-
tributes to the estimation sample. Years with No Missing Data
= total number of years where specified dependent variables are
observed.
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Table A3: Sources: State/local-level Price, Policy, and Supply-Side Variables

Variable Description Source

Employment-related variables

Quarterly employment: female, low SES** BLS
Quarterly employment: female, low education™* BLS
New hire rate: female, low SES* BLS
New hire rate: female, low education™® BLS
Hiring rate: female, low SES (% of quarterly empl) BLS
Hiring rate: female, low education (% of quarterly empl) BLS
Average monthly earnings: female, low SES (in 000s) BLS
Average monthly earnings: female, low education (in 000s) BLS
Unemployment rate: female, white BLS
Unemployment rate: female, Black BLS
Unemployment rate: female, Hispanic BLS
Welfare-related variables
TANF monthly benefit: three person family Ul
Severe sanction for first offense UI/LLW
Drug felony eligibility UI/LLW
Schooling-related variables
Average public 4-year college tuition (in 000s) NCES
Average private 4-year college tuition (in 000s) NCES
Average public 2-year college tuition (in 000s) NCES
Crime-related variables
Number of violent offenses™** UCR
Number of female prisoners** UCR
State and local per capita expenditure: police protection™*** BJS
State and local per capita expenditure: judicial and legal**** BJS
State and local per capita expenditure: corrections™*** BJS
Health-related variables
Annual average temperature NCEI
Annual lowest temperature NCEI
Annual highest temperature NCEI
Annual precipitation (inches) NCEI
Medicaid (#)* NCEI
County HPSA rate: primary care HRSA
County HPSA rate: mental health care HRSA
Average retail cigarette price ($/pack) ACCRA
State/federal cigarette tax (% of ave price) ACCRA
Average wine price ($/bottle) ACCRA
Average beer price ($/6-pack) ACCRA

Note: * per female population age 20-64; ** per thousand female population age 20-64; ***
per thousand population age 20-64; **** per capita. Low education: high school/GED or less.
Dollar amounts are in year 2000 dollars. HPSA (Health Professional Shortage Area)

Sources: ACCRA (American Chamber of Commerce Research Association, now Council for
Community and Economic Research); BJS (Bureau of Justice Statistics); BLS (Bureau of La-
bor Statistics); HRSA (Health Resources and Services Administration); NCEI (National Center
for Environmental Information); NCES (National Center for Education Statistics); UCR (Uni-
form Crime Report); UI (Urban Institute, Welfare Rule Database); LLW (Lexis Library and
Westlaw).
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B Appendix: Estimation Results

The coefficients and standard errors on explanatory variables in each of the jointly-
estimated demand, health production, stochastic outcomes, missingness, attrition,
and initial conditions equations are provided in Tables and summarized in
Figure [BIl The distributions of the estimated permanent and time-varying unob-
served heterogeneity that is common across all equations, along with the equation-
specific mass points, are detailed in Table [B13

All coefficients presented below are estimated at the same time. The likelihood func-
tion is available from the authors. Note that the equations include relevant endoge-
nous explanatory variables (typically listed first in the tables), exogenous explana-
tory variables, and price/policy/supply/system variables (serving as theoretically-
motivated exclusion restrictions for identification and typically listed last in the
tables).

Explanatory Variables
Timing Behaviors & Outcomes
Endogenous Exogenous Unobserved
Heterogeneity
Entering t=1: | Initial State (ey, ry, S1, CRy, Hy) D,, 28, Z¢, 7", o
Behavior Status missing (mi,) C., CRy, Hy, €14, M1y Seepy Mg D, 28, Z¢, Z", W, | uM, oM,
Period t
Behaviors: Non-employment (e,) | *missing | C,, CRy, Hy, €1, M1, St Myg D, Z8, Z¢, Z", ME, L,
g?‘ngi;tiagm Welfare receipt (r,) | “missing | C,, CRy, Hy, €44, M1, St- Myg D, Z8, Z¢, Z", (TURRLN
not missing
Schooling/Training (s,) C., CRy, Hy, €44, M1y Sty Miq D,, 28, Z¢, Z", S, v,
Charge Status missing (m©,) C., CRy, H,, e, 1y, S, M D,, 2%, W, pMe, yME
Charged (Cl,,) | “missing C, CR, Hy, e, 1y, S, My D, Z5 uct, v,
End of Period t
Outcomes: Convicted (C%,,) | charged C., CRy, H,, e, 1y, S, My D,, Z5 u, v,
Health (Hy,,) Ci1s CRy, Hy, €, 1y, 5, My D, Z", pH, vH,
Attrition (A1) Ci1s CRy, Hy, €, 1y, 5, My D, pA, LA

Estimated via Full Information Maximum Likelihood (FIML) and non-linear discretely-distributed random
effects (DFRE) p and v,; D, = demographics; D, = includes additional initial condition shifters; z8, z¢,, Z*,
= vectors of supply-side system-level variables; W, = wave indicator.

Figure B1: Summary of Dynamic Identified Correlated Equation System
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Table B1: Estimation Results: Employment Status Not Known

Variable name Coeff Std Err

Ever charged entering ¢ -0.08399  0.1995

Ever convicted entering ¢ -0.32207  0.3604

Ever incarcerated entering ¢ -0.20391  0.3869

Last conviction within 5 years entering ¢ -0.42738 0.2721

Last incarceration within 5 years entering ¢ 0.47723 0.3078
Charged int — 1 0.16135  0.3050
Convicted in t — 1 -0.37395  0.4077
Incarcerated in ¢t — 1 0.19585  0.3261
Drug-related conviction in ¢t — 1 0.71431  0.4528

On welfare in ¢t — 1 -0.17436  0.0738  **
Enrolled in schooling/training in ¢ — 1 -0.01192 0.0613

Less than eight years of education entering ¢ -1.09674  0.3012 ***
Some high school entering ¢ -0.92926  0.2672  ***
High school degree entering ¢ -0.16081  0.2582

GED degree entering ¢ -0.64943  0.2958  **
Some college entering ¢ -0.01648 0.2576
Technical school entering ¢ 0.11286 0.1360
Bachelor’s degree entering ¢ 0.05930  0.2683
Graduate degree entering ¢ 0.15628  0.2720
Training program entering ¢ 0.12729  0.1256

Poor /fair health entering ¢ -0.07061  0.1032
Depressed entering ¢ 0.01038 0.0891
Poor/fair healthxDepressed entering ¢ -0.37614  0.1461  ***
Age - 18 0.13328  0.0307 ***
Age - 18 squared /100 -1.14995  0.2350  ***
Age - 18 cubed/1000 0.23406  0.0559  ***
Black race 0.30461  0.1187 **
Non-white non-black 0.02043 0.1677
Hispanic -0.21684  0.1509
Married -0.37572  0.1173  ***
Black racexmarried 0.11635 0.1481
Non-white non-black x married -0.00322 0.2036
Hispanicxmarried 0.06375 0.1842
Number of children -0.54775  0.1691  ***
Number of children squared 0.07715  0.0194  ***
Last interviewed in wave 1 entering ¢ 0.68319  0.3156 **
Last interviewed in wave 2 entering ¢ 2.20495  0.3498  Fk*
Last interviewed in wave 3 entering ¢ 2.88637  0.4104 FF*
Last interviewed in wave 4 entering ¢ 1.69108  0.4500 ***

— continued on next page
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Table B1: Estimation Results (cont.): Employment Status Not Known

Variable name Coeff Std Err
Number of violent offenses 0.09745  0.0266 ***
Number of female prisoners 0.15159  0.1802

State and local per capita expenditure: police protection -0.62225  0.1667  ***
State and local per capita expenditure: judicial and legal 0.86404  0.3033  ***
State and local per capita expenditure: corrections -0.02621 0.1714

New hire rate: female, low SES 1.52193  0.4627 ***
New hire rate: female, low education -2.80602  0.8833  ***
Hiring rate: female, low SES (% of quarterly empl) -0.13323  0.0402 ***
Hiring rate: female, low education (% of quarterly empl) 0.17539  0.0553  ***
Quarterly employment: female, low SES -0.00476  0.0014  ***
Quarterly employment: female, low education 0.08340  0.0409 **
Average monthly earnings: female, low SES (in 000s) 0.29759  0.1864
Average monthly earnings: female, low education (in 000s) -0.48347  0.4391
Unemployment rate: female, white -0.29614  0.0550  ***
Unemployment rate: female, Black -0.06355  0.0155  ***
Unemployment rate: female, Hispanic 0.00626  0.0124
Average public 4-year college tuition (in 000s) 0.01058  0.0576
Average private 4-year college tuition (in 000s) 0.03491  0.0265
Average public 2-year college tuition (in 000s) -0.32903  0.1287 **
Severe sanction for first offense -0.15720  0.1040

Drug felony eligibility -0.10188  0.0925
TANF monthly benefit: three person family -0.00130  0.0008 *
Annual lowest temperature -0.02092  0.0132
Annual precipitation (inches) -0.48371  0.3936
Medicaid (#) -0.2151 0.1745
County HPSA rate: primary care 0.00536  0.0036
County HPSA rate: mental health care 0.00825  0.0053
Average retail cigarette price ($/pack) 0.51139  0.1233  ***
State/federal cigarette tax (% of ave price) -0.02487  0.0089  ***
Average wine price ($/bottle) -0.11973  0.0724 *
Average beer price ($/6-pack) -0.07446  0.0943

Time trend (0=2000) -0.50301 0.1632  H**
Time trend squared 0.12030  0.0454  ***
Time trend cubed -0.00450  0.0035
Constant -8.45273 1.0200  ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
Dollar amounts are in year 2000 dollars. Indicators for missing exogenous and lagged
endogenous variables are included in estimation. Variables identifying selection equa-
tion: Last interview wave indicators (included here and excluded in non-employment
status equation conditional on status being known) are jointly significant (x?(4) =

226.21; p-value = 0.000).
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Table B2: Estimation Results: Non-employment Status | Status Known

Variable name Coeff Std Err

Ever charged entering ¢ 0.03245  0.1301

Ever convicted entering ¢ 0.02508  0.2417

Ever incarcerated entering ¢ 0.28030  0.2623

Last conviction within 5 years entering ¢ 0.07690  0.2009

Last incarceration within 5 years entering ¢ -0.15218  0.2012
Charged in ¢t — 1 0.17849  0.2455
Convicted in t — 1 -0.28459  0.3719
Incarcerated in ¢t — 1 0.03356  0.2551
Drug-related conviction in ¢t — 1 -1.29685 0.6633 *
Drug-related conviction in ¢t — 1xdrug felony eligibility — 0.62068  0.7940

Any crime in ¢ — 1xsevere sanction for first offense 0.19196  0.2268

On welfare in t — 1 0.39881  0.0658 ***
Enrolled in schooling/training in ¢ — 1 -0.38239  0.0535  *FH*
On welfare in t — 1xany crime in ¢t — 1 -0.03554  0.2409
Enrolled in ¢ — 1xany crime in ¢ — 1 -0.59032  0.2756 **
On welfare in ¢t — 1xdrug-related conviction in ¢t — 1 -0.89723  0.9044
Enrolled in ¢ — 1xdrug-related conviction in ¢ — 1 3.66017  0.8885 H**
Less than eight years of education entering ¢ 1.00313  0.2174  ***
Some high school entering ¢ 0.79150  0.1957  H**
High school degree entering ¢ 0.26564  0.1848

GED degree entering ¢ 0.42695  0.2096 **
Some college entering ¢ 0.07153  0.1854
Technical school entering ¢ -0.01498  0.0949
Bachelor’s degree entering ¢ 0.05306  0.2004
Graduate degree entering ¢ 0.00392 0.2030
Training program entering ¢ -0.01928  0.0893

Poor /fair health entering ¢ 0.24799  0.0941  ***
Depressed entering ¢ -0.02778  0.0747
Poor/fair healthxDepressed entering ¢ 0.12244  0.1308
Poor/fair health coming into ¢xenrolled in ¢ — 1 0.20329  0.1320

Poor /fair health coming into ¢xwelfare in ¢t — 1 0.00859  0.1343
Depressed coming into ¢xenrolled in ¢ — 1 0.31037  0.0999 ***
Depressed coming into txwelfare in ¢t — 1 -0.13171  0.1025

Age - 18 -0.04357  0.0243 *
Age - 18 squared /100 0.59026  0.1848  ***
Age - 18 cubed/1000 -0.12979  0.0425  ***
Black race -0.32409  0.0908  ***
Non-white non-black -0.02595  0.1269
Hispanic 0.27328  0.1116 **
Married 0.61015  0.0891 ***
Black racexmarried -0.54646  0.1056  ***
Non-white non-black xmarried 0.03183  0.1403
Hispanic x married -0.29387  0.1311 **
Number of children 0.05466  0.0419
Number of children squared -0.00107  0.0062

— continued on next page

73



Table B2: Estimation Results (cont.): Non-employment Status | Status Known

Variable name Coeff Std Err
Number of violent offenses 0.03335  0.0189 *
Number of female prisoners 0.31514  0.1324 **
State and local per capita expenditure: police protection 0.17100 0.0956 *
State and local per capita expenditure: judicial and legal 0.13197  0.2123

State and local per capita expenditure: corrections -0.60490  0.1205  ***
New hire rate: female, low SES -0.86440  0.3340 ***
New hire rate: female, low education 0.24037  0.5559
Hiring rate: female, low SES (% of quarterly empl) 0.12637  0.0300 ***
Hiring rate: female, low education (% of quarterly empl) -0.10784  0.0401  ***
Quarterly employment: female, low SES 0.00195  0.0011 *
Quarterly employment: female, low education -0.06681  0.0317 **
Average monthly earnings: female, low SES (in 000s) 0.00932  0.1411
Average monthly earnings: female, low education (in 000s) -0.22250  0.3055
Unemployment rate: female, white 0.02154  0.0404
Unemployment rate: female, Black 0.04213  0.0115 ***
Unemployment rate: female, Hispanic 0.01764 0.0116
Average public 4-year college tuition (in 000s) 0.04138  0.0396
Average private 4-year college tuition (in 000s) -0.07155  0.0181  ***
Average public 2-year college tuition (in 000s) 0.25224  0.0917 HF**
Severe sanction for first offense -0.08756 0.0737

Drug felony eligibility 0.10844  0.0687
TANTF monthly benefit: three person family 0.00179  0.0005  ***
Annual lowest temperature 0.00740  0.0091
Annual precipitation (inches) -0.02275  0.3172
Medicaid (#) 0.10601 0.1432
County HPSA rate: primary care -0.01048  0.0027  ***
County HPSA rate: mental health care -0.00778  0.0038 **
Average retail cigarette price ($/pack) 0.07138  0.0914
State/federal cigarette tax (% of ave price) -0.01327  0.0071 *
Average wine price ($/bottle) 0.13452  0.0507
Average beer price ($/6-pack) -0.06488  0.0557

Time trend (0=2000) 0.20343 0.0769 ¥
Time trend squared 0.01789  0.0228

Time trend cubed -0.00581  0.0018  ***
Constant 0.75788 0.6853

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
Dollar amounts are in year 2000 dollars. Indicators for missing exogenous and lagged en-
dogenous variables are included in estimation. Variables identifying endogenous behavior:
ZE ZE 7?2 (included here and excluded in criminal conviction and health equations conditional
on current behaviors; time-varying and independent of lagged behaviors) are jointly significant
(x%(17) = 74.24; p-value = 0.000). Z¢ and Z}! included because known at decisionmaking.
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Table B3: Estimation Results: Welfare Status Not Known

Variable name Coeff Std Err

Ever charged entering ¢ 0.21623 0.1464

Ever convicted entering ¢ 0.50675  0.2579 **
Ever incarcerated entering ¢ -0.56569  0.3068 *
Last conviction within 5 years entering ¢ -0.73102  0.2569  ***
Last incarceration within 5 years entering ¢ 0.39567  0.3136
Charged int — 1 -0.20042  0.3587
Convicted in ¢t — 1 0.70710  0.5990
Incarcerated in ¢t — 1 -0.21678  0.4403
Drug-related conviction in ¢t — 1 0.04648 0.5951

On welfare in ¢ — 1 0.05152  0.0886
Enrolled in schooling/training in ¢ — 1 -0.12694  0.0754 *
Less than eight years of education entering ¢ 0.27392  0.2115

Some high school entering ¢ 0.24181  0.1772

High school degree entering ¢ 0.17732  0.1756

GED degree entering ¢ 0.19803 0.1850

Some college entering ¢ -0.01134  0.1751
Technical school entering ¢ 0.11175 0.1044
Bachelor’s degree entering ¢ -0.35492  0.2175
Graduate degree entering ¢ -0.00502  0.2230
Training program entering ¢ -0.03730  0.0939
Poor/fair health entering ¢ 0.16312  0.1069
Depressed entering ¢ 0.04596  0.0796

Poor /fair health xDepressed entering ¢ -0.02929  0.1730

Age - 18 -0.03076  0.0055  ***
Black race 0.09754  0.0798
Non-white non-black -0.03882 0.1106
Hispanic -0.03383  0.1005
Married -0.66212 0.1525  ***
Black racexmarried 0.46629  0.1872 **
Non-white non-black x married 0.14024  0.2574
Hispanic x married 0.35323  0.2131 *
Number of children -0.05042  0.1195
Number of children squared -0.01227  0.0209

Last interviewed in wave 1 entering ¢ 0.64608  0.2425  ***
Last interviewed in wave 2 entering ¢ 1.24830  0.2571
Last interviewed in wave 3 entering ¢ 3.29562  0.3541 FK*
Last interviewed in wave 4 entering ¢ 517672  0.4140 FF*

— continued on next page
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Table B3: Estimation Results (cont.): Welfare Status Not Known

Variable name Coeff Std Err
Number of violent offenses 0.07091 0.0248  ***
Number of female prisoners 0.41229  0.1706 **

State and local per capita expenditure: police protection -0.34460  0.2215
State and local per capita expenditure: judicial and legal 1.44567  0.3436  ***

State and local per capita expenditure: corrections -0.03049  0.1773

New hire rate: female, low SES 1.46918  0.6976 **
New hire rate: female, low education -1.83887  1.1266
Hiring rate: female, low SES (% of quarterly empl) 0.05558  0.0654
Hiring rate: female, low education (% of quarterly empl) -0.11376  0.0829
Quarterly employment: female, low SES -0.00645  0.0020 ***
Quarterly employment: female, low education -0.07028  0.0410 *
Average monthly earnings: female, low SES (in 000s) 1.29471  0.2804  ***
Average monthly earnings: female, low education (in 000s) -3.03160  0.5689  ***
Unemployment rate: female, white -0.27749  0.0692  ***
Unemployment rate: female, Black -0.03139  0.0221
Unemployment rate: female, Hispanic 0.05518  0.0220 **
Average public 4-year college tuition (in 000s) 0.04517  0.0578
Average private 4-year college tuition (in 000s) 0.01624  0.0265
Average public 2-year college tuition (in 000s) -0.06971  0.1440
Severe sanction for first offense -0.05993  0.1065

Drug felony eligibility 0.20579  0.1045 **
TANF monthly benefit: three person family -0.00331  0.0008  ***
Annual lowest temperature -0.03548  0.0148 **
Annual precipitation (inches) -1.06391  0.5230 **
Medicaid (#) 0.42216  0.2378 *
County HPSA rate: primary care -0.00947  0.0040 **
County HPSA rate: mental health care -0.00832  0.0054
Average retail cigarette price ($/pack) 0.88064  0.1816 ***
State/federal cigarette tax (% of ave price) -0.06333  0.0128 ***
Average wine price ($/bottle) -0.08348  0.0891
Average beer price ($/6-pack) -0.21072  0.1083 *
Time trend (0=2000) -0.71091 0.1806  ***
Time trend squared 0.07446  0.0543

Time trend cubed -0.00460  0.0043
Constant -6.49064 1.1623  ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
Dollar amounts are in year 2000 dollars. Indicators for missing exogenous and lagged
endogenous variables are included in estimation. Variables identifying selection equation:
Last interview wave indicators (included here and excluded in welfare status equation con-
ditional on status being known) are jointly significant (x?(4) = 228.22; p-value = 0.000).
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Table B4: Estimation Results: Welfare Status | Status Known

Variable name Coeff Std Err

Ever charged entering ¢ 0.45770  0.1259 ¥
Ever convicted entering ¢ -0.21316 0.2448

Ever incarcerated entering ¢ -0.04506  0.2610

Last conviction within 5 years entering ¢ 0.23775  0.2104

Last incarceration within 5 years entering ¢ -0.12757  0.2263
Charged in t — 1 0.04752  0.2724
Convicted in ¢ — 1 0.26100  0.3419
Incarcerated in ¢t — 1 -0.08968  0.2525
Drug-related conviction in ¢ — 1 0.77142 0.5393
Drug-related conviction in ¢t — 1xdrug felony eligibility -0.77763  0.7740

Any crime in ¢ — 1xsevere sanction for first offense -0.34393  0.2196

On welfare in ¢t — 1 3.10300  0.0673 <
Enrolled in schooling/training in ¢ — 1 0.16989  0.0562  ***
On welfare in t — 1xany crime in ¢t — 1 -0.08498  0.2383
Enrolled in ¢t — 1xany crime in ¢ — 1 -0.32084  0.2911

On welfare in ¢t — 1xdrug-related conviction in ¢t — 1 0.53274  0.7945
Enrolled in ¢ — 1xdrug-related conviction in ¢t — 1 -0.54678  0.8183

Less than eight years of education entering ¢ 0.66204  0.1814  ***
Some high school entering ¢ 0.74664  0.1488  ***
High school degree entering ¢ 0.40875  0.1472 FF*
GED degree entering ¢ 0.58596  0.1551  ***
Some college entering ¢ 0.17073  0.1507
Technical school entering ¢ 0.02894  0.0884
Bachelor’s degree entering ¢ -0.92999  0.2154
Graduate degree entering ¢ -0.11192 0.1873
Training program entering ¢ 0.01755  0.0775

Poor /fair health entering ¢ 0.02222  0.0995
Depressed entering ¢ 0.19471  0.0734 ¥
Poor/fair healthxDepressed entering ¢ 0.20701 0.1190 *
Poor /fair health coming into ¢xenrolled in ¢ — 1 0.12928  0.1381

Poor /fair health coming into ¢xwelfare in ¢t — 1 0.22251  0.1311 *
Depressed coming into txenrolled in t — 1 0.09458  0.1103
Depressed coming into ¢ xwelfare in ¢t — 1 -0.31763  0.1142  ***
Age - 18 -0.02498  0.0111 **
Age - 18 squared /100 0.03185  0.0425
Black race 0.44131  0.0826 ***
Non-white non-black -0.01513  0.1045
Hispanic -0.05171  0.1004
Married -0.78361  0.1163  ***
Black racexmarried 0.24080 0.1321 *
Non-white non-black xmarried 0.23812  0.1893
Hispanicxmarried 0.08849  0.1770
Number of children 0.20050  0.0545  ***
Number of children squared -0.01854  0.0080 **

— continued on next page

7



Table B4: Estimation Results (cont.): Welfare Status | Status Known

Variable name Coeff Std Err

New hire rate: female, low SES -0.65082  0.4326

New hire rate: female, low education 1.69301  0.7124 **
Hiring rate: female, low SES (% of quarterly empl) 0.04559  0.0383
Hiring rate: female, low education (% of quarterly empl) -0.09612  0.0462 **
Quarterly employment: female, low SES 0.00220  0.0013 *
Quarterly employment: female, low education -0.08546  0.0337 **
Average monthly earnings: female, low SES (in 000s) -0.26593  0.1642
Average monthly earnings: female, low education (in 000s)  0.78714  0.3490 **
Unemployment rate: female, white 0.05661  0.0453
Unemployment rate: female, Black 0.05420  0.0131  ***
Unemployment rate: female, Hispanic -0.01172 0.0141
Average public 4-year college tuition (in 000s) 0.03861  0.0428
Average private 4-year college tuition (in 000s) -0.03696  0.0197 *
Average public 2-year college tuition (in 000s) -0.23675  0.0956  **
Severe sanction for first offense -0.27180  0.0748  ***
Drug felony eligibility 0.07182 0.0718
TANF monthly benefit: three person family -0.00154  0.0006  ***
Annual lowest temperature -0.05560  0.0104 ***
Annual precipitation (inches) 0.85236  0.3514 **
Medicaid (#) -0.29617  0.1604 *
County HPSA rate: primary care -0.01066  0.0030  ***
County HPSA rate: mental health care 0.00756  0.0044 *
Average retail cigarette price ($/pack) -0.07302  0.0978
State/federal cigarette tax (% of ave price) -0.01462  0.0078 *
Average wine price ($/bottle) 0.06977  0.0542
Average beer price ($/6-pack) 0.10244  0.0618
Number of violent offenses 0.03469  0.0182
Number of female prisoners -0.28457  0.1474

State and local per capita expenditure: police protection -0.07161 0.1286

State and local per capita expenditure: judicial and legal 0.45509  0.2136  **
State and local per capita expenditure: corrections 0.14319  0.1241

Time trend (0=2000) 0.01444  0.0830

Time trend squared -0.05743  0.0243 **
Time trend cubed 0.00426  0.0019 **
Constant -2.49009  0.6823  ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
Dollar amounts are in year 2000 dollars. Indicators for missing exogenous and lagged
endogenous variables are included in estimation. Variables identifying endogenous behav-
ior: ZE, ZF Z7 (included here and excluded in criminal conviction and health equations
conditional on current behaviors; time-varying and independent of lagged behaviors) are
jointly significant (x2(17) = 115.64; p-value = 0.000). Z£ and Z/! included because known

at decisionmaking.
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Table B5: Estimation Results: Schooling/Training Status

Variable name Coeff Std Err

Ever charged entering ¢ 0.20483  0.0910 **
Ever convicted entering ¢ -0.02413  0.1791

Ever incarcerated entering ¢ 0.08443  0.1889

Last conviction within 5 years entering ¢ -0.12576  0.1629

Last incarceration within 5 years entering ¢ -0.00261  0.1780
Charged in t — 1 0.31133  0.2297
Convicted in t — 1 -0.34544  0.2904
Incarcerated in ¢t — 1 0.09754  0.2190
Drug-related conviction in ¢t — 1 -0.30704  0.6449
Drug-related conviction in ¢ — 1xdrug felony eligibility ~ 0.84083  0.6038

Any crime in ¢ — 1xsevere sanction for first offense -0.18675  0.2032

On welfare in t — 1 0.14814  0.0522 ***
Enrolled in schooling/training in ¢ — 1 2.33837  0.1548 *H*
On welfare in t — 1xany crime in ¢t — 1 0.17330  0.2213
Enrolled in ¢ — 1xany crime in ¢ — 1 -0.93283  0.2541  *¥**
On welfare in ¢ — 1xdrug-related conviction in ¢t — 1 -0.04356  0.6349
Enrolled in ¢ — 1xdrug-related conviction in ¢t — 1 0.91829  0.7501

Less than eight years of education entering ¢ -0.61946  0.1630  ***
Some high school entering ¢ 0.01399  0.1068

High school degree entering ¢ 0.16981 0.1088

GED degree entering ¢ 0.40099  0.1159 ***
Some college entering ¢ 0.64556  0.1115  ***
Technical school entering ¢ 0.45589  0.0620 ***
Bachelor’s degree entering ¢ 0.66616  0.1289  ***
Graduate degree entering ¢ 0.73489  0.1364 ***
Training program entering ¢ 0.49441  0.0546 ¥
Poor /fair health entering ¢ 0.00461  0.0888
Depressed entering ¢ 0.17664  0.0647 ¥
Poor/fair healthxDepressed entering ¢ -0.20078  0.1090 *
Poor/fair health coming into ¢xenrolled in ¢ — 1 0.07808  0.1031

Poor /fair health coming into ¢xwelfare in ¢t — 1 0.16072  0.1249
Depressed coming into ¢Xxenrolled in ¢ — 1 -0.24996  0.0832  ***
Depressed coming into txwelfare in ¢t — 1 0.08900  0.0921

Age - 18 -0.14332  0.0187  ***
Age - 18 squared /100 0.72784  0.1451  H**
Age - 18 cubed/1000 -0.14010  0.0339  ***
Black race 0.32440  0.0542 *FF*
Non-white non-black 0.07211  0.0717
Hispanic -0.14512  0.0693 **
Married -0.29508  0.0720  ***
Black racexmarried 0.27110  0.0887  ***
Non-white non-black x married 0.08396  0.1237
Hispanicxmarried 0.21959  0.1145
Number of children -0.10666  0.0646
Number of children squared 0.01110  0.0092

— continued on next page
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Table B5: Estimation Results (cont.): Schooling/Training Status

Variable name Coeff Std Err
Number of violent offenses 0.00290  0.0147
Number of female prisoners -0.12377  0.1102
State and local per capita expenditure: police protection -0.19831 0.1015 *
State and local per capita expenditure: judicial and legal 0.45605  0.1605  ***
State and local per capita expenditure: corrections -0.08572 0.0894
New hire rate: female, low SES -0.53291  0.3114 *
New hire rate: female, low education 0.71890 0.5436
Hiring rate: female, low SES (% of quarterly empl) 0.05218  0.0302 *
Hiring rate: female, low education (% of quarterly empl) -0.04410  0.0373
Quarterly employment: female, low SES 0.00108 0.0009
Quarterly employment: female, low education -0.02139  0.0250
Average monthly earnings: female, low SES (in 000s) -0.05479  0.1244
Average monthly earnings: female, low education (in 000s) -0.17992  0.2767
Unemployment rate: female, white -0.04101  0.0332
Unemployment rate: female, Black 0.01900  0.0103
Unemployment rate: female, Hispanic -0.01603  0.0095
Average public 4-year college tuition (in 000s) -0.02630  0.0300
Average private 4-year college tuition (in 000s) -0.01685  0.0145
Average public 2-year college tuition (in 000s) 0.16760  0.0710 **
Severe sanction for first offense 0.00121  0.0551
Drug felony eligibility -0.02753  0.0539
TANF monthly benefit: three person family 0.00051  0.0004
Annual lowest temperature 0.01178  0.0073
Annual precipitation (inches) -0.35846  0.2609
Medicaid (#) -0.00050  0.1217
County HPSA rate: primary care -0.00079  0.0020
County HPSA rate: mental health care 0.00449  0.0031
Average retail cigarette price ($/pack) 0.05313  0.0706
State/federal cigarette tax (% of ave price) -0.00678  0.0052
Average wine price ($/bottle) 0.01817  0.0441
Average beer price ($/6-pack) 0.00730  0.0522
Time trend (0=2000) 0.22787  0.0729
Time trend squared -0.02665 0.0214
Time trend cubed 0.00026  0.0016
Constant -2.18558  0.6997  ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1.
Dollar amounts are in year 2000 dollars. Indicators for missing exogenous and lagged
endogenous variables are included in estimation. Variables identifying endogenous behav-
ior: ZE, ZF Z7 (included here and excluded in criminal conviction and health equations
conditional on current behaviors; time-varying and independent of lagged behaviors) are
jointly significant (x2(17) = 42.16; p-value = 0.0006). Z£ and Z/! included because known

at decisionmaking.
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Table B6: Estimation Results: Criminal Charge Status Not Known

Variable name

Coeff Std Err

Ever charged entering ¢

Ever convicted entering ¢

Ever incarcerated entering ¢

Last conviction within 5 years entering ¢
Last incarceration within 5 years entering ¢
Charged in ¢t — 1

Convicted in ¢t — 1

Incarcerated in ¢t — 1

Employed in ¢

On welfare in ¢

Enrolled in ¢

Poor /fair health entering ¢txemployed in ¢
Depressed entering ¢ xemployed in ¢
Poor/fair health entering ¢ xwelfare in ¢
Depressed entering t x welfare in ¢

Poor /fair health entering ¢xenrolled in ¢
Depressed entering ¢ xenrolled in ¢

Less than eight years of education entering ¢
Some high school entering ¢

High school degree entering t

GED degree entering ¢

Some college entering ¢

Technical school entering ¢

Bachelor’s degree entering ¢

Training program entering ¢

Poor/fair health entering ¢

Depressed entering ¢

Poor/fair healthx Depressed entering ¢
Age - 18

Age - 18 squared/100

Black race

Non-white non-black

Hispanic

Married

Black racexmarried

Non-white non-black xmarried

Hispanic x married

Number of children

Number of children squared

Last interviewed in wave 1 entering ¢
Last interviewed in wave 2 entering ¢
Last interviewed in wave 3 entering ¢
Last interviewed in wave 4 entering ¢
Number of violent offenses

Number of female prisoners

0.15168  0.2089
-0.01309  0.3458
-0.80359  0.3953 **
0.39267  0.3211
-0.25583  0.4051
0.55980  0.3738
4.16215  0.4522  F**
2.18206  0.3916 ***
-0.39759  0.1378  ***
0.13279  0.1290
-0.12384  0.1014
-0.03326  0.2466
0.25812  0.1821
-0.31509  0.2525
0.27494  0.1988
-0.25708  0.2396
0.16803  0.1923
-0.06708  0.2361
0.05831  0.1727
0.14148  0.1647
0.02235  0.1928
-0.08360  0.1671
0.05521  0.1201
-0.38209  0.2087 *
-0.15485  0.1293
-0.15196  0.1869
-0.29098  0.1499 *
0.50531  0.2560 **
0.04452  0.0203 **
-0.21727  0.0752  ***
-0.20249  0.0989 **
0.03467  0.1338
0.15012  0.1270
-0.12768  0.1509
0.11668  0.1922
-0.09599  0.2700
-0.29146  0.2358
-0.12881  0.0937
0.02080  0.0141
-0.03653  0.1535
0.39327  0.2440
3.65816  0.3543 ***
7.98152  0.4831 ***
-0.04410  0.0173  **
-0.17590  0.0955 *

State and local per capita expenditure: police protection 0.41410  0.1183  ***

State and local per capita expenditure: judicial and legal -0.34478 0.1789

State and local per capita expenditure: corrections
Time trend (0=2000)

Time trend squared

Time trend cubed

Constant

-0.61028  0.1470 ***
0.18688  0.0925 **
-0.35918  0.0249  ***
0.02347  0.0022
-3.88817  0.4202 ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1. Dollar amounts are in year
2000 dollars. Indicators for missing exogenous and lagged endogenous variables are included in estimation. Variables

identifying selection equation: Last interview wave indicators (4
conditional on status being known) are jointly significant (2

luded here and excluded in criminal charge equation
= 1060.00; p-value = 0.000).



Table B7: Estimation Results: Criminal Charge Status | Status Known

Variable name Coeff Std Err

Ever charged entering ¢ 2.17882  0.2369 ***
Ever convicted entering ¢ 0.53128 0.3224 *
Ever incarcerated entering ¢ -0.82933  0.3326  **
Last conviction within 5 years entering ¢ -0.84733  0.3413  **
Last incarceration within 5 years entering ¢ 0.21457  0.3785
Charged in ¢t — 1 -2.26124 1.0194 **
Convicted in ¢t — 1 5.58062  1.0692 ***
Incarcerated in ¢t — 1 0.44594  0.3296
Employed in ¢ -0.16163  0.1583

On welfare in ¢ 0.31058  0.1429 **
Enrolled in ¢ -0.18671 0.1587
Poor/fair health entering ¢xemployed in ¢ 0.61182  0.2920 **
Depressed entering ¢ xemployed in ¢ -0.24848 0.2181
Poor/fair health entering ¢ xwelfare in ¢ 0.09787  0.2829
Depressed entering t x welfare in ¢ 0.03939 0.2393

Poor /fair health entering ¢xenrolled in ¢ 0.55832  0.3287 *
Depressed entering txenrolled in ¢ 0.05971  0.2661

Less than eight years of education entering ¢ 0.73055  0.3724 **
Some high school entering ¢ 0.59102  0.2590 **
High school degree entering ¢ 0.37377  0.2462

GED degree entering ¢ 0.34902  0.2685

Some college entering ¢ 0.28924  0.2499
Technical school entering ¢ 0.04015  0.1999
Bachelor’s degree entering ¢ 0.00726 0.3222
Training program entering ¢ -0.09200 0.1944
Poor/fair health entering ¢ 0.07507  0.2526
Depressed entering ¢ 0.64696  0.1794  ***
Poor/fair healthx Depressed entering ¢ -0.49496  0.2957 *
Age - 18 0.08400  0.0284  ***
Age - 18 squared/100 -0.33141  0.1043  ***
Black race -0.12678  0.1502
Non-white non-black -0.18791 0.2186
Hispanic -0.41954  0.2108 **
Married -0.41528  0.2021  **
Black racexmarried 0.39482 0.2762
Non-white non-black xmarried 0.33030 0.3978
Hispanicxmarried 0.07201 0.3506
Number of children -0.04868 0.1117
Number of children squared 0.00909  0.0161
Number of violent offenses 0.06005  0.0230 ***
Number of female prisoners 0.19874  0.1340

State and local per capita expenditure: police protection -0.27307  0.1869

State and local per capita expenditure: judicial and legal 0.50730 0.2350  **
State and local per capita expenditure: corrections -0.04305 0.2289

Time trend (0=2000) 0.29225  0.0629 ***
Time trend squared -0.09403  0.0200  ***
Time trend cubed 0.00788  0.0016  ***
Constant -7.11069  0.6796  ***

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1. Dollar
amounts are in year 2000 dollars. Indicators for missing exogenous and lagged endogenous variables
are included in estimation. Variables identifying stochastic outcome: Z& (included here and ex-
cluded in health equations conditional on current behaviors; time-varying and independent of lagged

criminal status) are jointly significant y?(5) = 17.OO;§)2—value = 0.0045).



Table B8: Estimation Results: Criminal Conviction Status | Charged

Variable name Coeff Std Err
Ever charged entering ¢ -0.58849  0.6476
Ever convicted entering ¢ -4.17894  1.3808  ***
Ever incarcerated entering ¢ 0.64936 1.2741
Last conviction within 5 years entering ¢ 1.23568 1.0246
Last incarceration within 5 years entering ¢ -1.47216 1.4092
Convicted in ¢t — 1 6.10198  1.3599  ***
Incarcerated in t — 1 2.51601  1.4233 *
Employed in ¢ -0.60034  0.3162 *
On welfare in ¢ -0.06732  0.2718
Enrolled in ¢ -0.54187  0.2984 *
Less than eight years of education entering ¢ 1.51520 1.0280
Some high school entering ¢ 0.28968  0.6472
High school degree entering ¢ 0.98875  0.6291
GED degree entering ¢ 0.23438 0.7533
Some college entering ¢ -0.19553 0.6540
Technical school entering ¢ 0.35402 0.4822
Bachelor’s degree entering ¢ -0.20388  0.9402
Training program entering ¢ 0.36664  0.5200

Poor /fair health entering ¢ 0.45747  0.4357
Depressed entering ¢ -0.27259 0.3045
Poor/fair healthxDepressed entering ¢ 0.37339 0.6563

Age - 18 0.08594  0.0702

Age - 18 squared/100 -0.30602  0.2754
Black race -0.79984  0.3885 **
Non-white non-black -0.65285 0.6136
Hispanic 0.01740 0.5251
Married -0.62333  0.5666
Black racexmarried 1.01429 0.7011
Non-white non-black x married -0.36082 1.0028
Hispanicx married -0.61764  0.9290
Number of children -0.01927  0.2524
Number of children squared 0.00541 0.0375
Number of violent offenses -0.00203  0.0525
Number of female prisoners -0.01564  0.3435
State and local per capita expenditure: police protection -0.30476 0.5706
State and local per capita expenditure: judicial and legal 1.27686 0.6201  **
State and local per capita expenditure: corrections -0.57926 0.5107
Time trend (0=2000) 0.62777  0.1296  ***
Time trend squared -0.04791  0.0502
Time trend cubed -0.00363  0.0046
Constant -4.63674  1.7319 FHE*

Note: Logit estimator. Standard errors in parentheses.*** p<0.01, ** p<0.05, * p<0.1. Dollar
amounts are in year 2000 dollars. Indicators for missing exogenous and lagged endogenous variables
are included in estimation. Variables identifying stochastic outcome: Z£ (included here and ex-
cluded in health equations conditional on current behaviors; time-varying and independent of lagged
criminal status) are not jointly significant x2(5) = 5.28; p-value = 0.3827) but one IV is. Also, con-
viction is conditional on charge, where IVs are jointly significant, so probability of conviction is

identified.
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Table B9: Estimation Results: Health Outcomes in ¢ + 1

General Health

Depression Status

Variable name Coeff Std Err Coeff Std Err

Ever charged entering ¢ + 1 -0.00089  0.0036 0.23439  0.1318 *
Ever convicted entering ¢ + 1 -0.02278  0.0073 ***  -0.10216  0.2743

Ever incarcerated entering t + 1 0.02265  0.0080 ***  0.06725  0.2809

Last conviction within 5 years entering ¢t + 1 0.00807  0.0086 0.07443 0.2758

Last incarceration within 5 years entering t +1 -0.01050  0.0089 -0.15073  0.2960
Charged in ¢ 0.01132 0.0043 ***  0.39827 0.2414 *
Convicted in ¢ -0.01663 0.0106 0.44390 0.4469
Incarcerated in ¢ 0.00273  0.0079 -0.39727  0.3370
Drug-related conviction in ¢ -0.04019  0.0249 -0.66476 0.4719

Poor /fair health entering ¢ -1.01159  0.0041 ***  0.40365  0.1193 ***
Depressed entering ¢ -0.00620 0.0026 ~ ** 4.93735 0.0758  *¥*
Poor /fair healthxDepressed entering ¢ -0.00048  0.0051 -1.24534  0.1172  *xx
Employed in ¢ 0.00224 0.0015 -0.93671 0.0954  ***
On welfare in ¢ -0.00088 0.0016 0.36595 0.0852  ***
Enrolled in ¢ -0.00352 0.0016  ** 0.42444 0.0790  ***
Poor /fair health entering ¢xemployed in ¢ 0.00713  0.0041 * -0.08666  0.1690
Poor/fair health entering ¢xwelfare in ¢ -0.00062 0.0049 0.09873 0.1363
Poor/fair health entering ¢txenrolled in ¢ 0.00557  0.0058 0.19716  0.1403
Depressed entering ¢ xemployed in ¢ 0.00315  0.0027 2.34658  0.1260  *F**
Depressed entering ¢t x welfare in ¢ 0.00364  0.0037 -0.48730  0.1124
Depressed entering ¢ xenrolled in ¢ 0.00045  0.0036 -0.90126  0.0977 X
Less than eight years of education entering ¢ 0.00918  0.0047 ** 0.39802  0.2069 *
Some high school entering ¢ 0.00564  0.0039 0.44336  0.1688  ***
High school degree entering ¢ 0.00598  0.0038 0.28925 0.1683 *
GED degree entering ¢ 0.00355  0.0041 0.47774  0.1793  F**
Some college entering ¢ 0.00498  0.0039 0.39705  0.1674 **
Technical school entering ¢ -0.00320  0.0027 0.29703  0.1040 ***
Bachelor’s degree entering ¢ 0.00543  0.0041 -0.05543  0.1986
Graduate degree entering ¢ 0.00404  0.0044 0.20291 0.2009
Training program entering ¢ -0.00660  0.0022 ***  0.03833  0.0898

— continued on next page
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Table B9: Estimation Results (cont.): Health Outcomes in ¢ + 1

General Health

Depression Status

Variable name Coeff Std Err Coeff Std Err

Age - 18 -0.00011 0.0001 0.02876 0.0180

Age - 18 squared /100 - - -0.29690  0.1586

Age - 18 cubed/1000 - - 0.07167  0.0391
Black race -0.00622  0.0018 *** -0.07390  0.0759
Non-white non-black -0.00414  0.0023 * -0.05885  0.0987
Hispanic -0.00224 0.0021 -0.15076 0.0945
Married -0.00016  0.0019 0.19192  0.1027 *
Black racexmarried 0.00238  0.0024 -0.11769  0.1299
Non-white non-black xmarried 0.00146  0.0030 0.02400  0.1679
Hispanicx married -0.00002 0.0028 -0.15425 0.1582
Number of children 0.00659 0.0006 ***  _0.02217 0.0434
Number of children squared -0.00060  0.0001 ***  0.00310  0.0067
Annual lowest temperature -0.00021  0.0001 ** 0.01003  0.0069
Annual precipitation (inches) 0.00709  0.0071 -1.04923  0.3443  ***
Medicaid (#) -0.00377  0.0049 -0.00590  0.2104
County HPSA rate: primary care 0.00000  0.0000 -0.00053  0.0017
County HPSA rate: mental health care -0.00000  0.0000 -0.00420  0.0035
Average retail cigarette price ($/pack) 0.00961  0.0019 ***  0.21308 0.1032 **
State/federal cigarette tax (% of ave price) -0.00046 ~ 0.0001 *** -0.00420  0.0065
Average wine price ($/bottle) 0.00006  0.0008 0.01414  0.0458
Average beer price ($/6-pack) -0.00204  0.0009 ** 0.12754  0.0560 **
Time trend (0=2000) -0.01157 0.0011 ***  _0.01877 0.0564

Time trend squared 0.00203  0.0004 *** _-0.03985  0.0192 **
Time trend cubed -0.00011  0.0000 ***  0.00422  0.0015 ***
Constant 3.99460  0.0130 *** 472344  0.6057

Note: OLS (General Health); Logit estimator (Depression Status). Standard errors in parenthe-
Indicators for
missing exogenous and lagged endogenous variables are included in estimation. Variables identify-
ing stochastic outcome: ZH (time-varying and independent of lagged health) are jointly significant
F-stat= 3.95; p-value = 0.000; x*(9) = 34.59; p-value = 0.0003).

ses.*** p<0.01, ** p<0.05, * p<0.1. Dollar amounts are in year 2000 dollars.
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Table B10: Estimation Results: Attrition at the end of ¢

Variable name Coeff Std Err
Charged in ¢t -0.18159  0.4523
Convicted in ¢ -0.93006  0.5586 *
Incarcerated in ¢ 0.30539  0.3756
Drug-related conviction in ¢ 0.36221 0.7234
Employed in ¢ -0.17280  0.1350

On welfare in ¢ -0.35665  0.1153  ***
Enrolled in ¢ 0.02837  0.1118

Less than eight years of education in ¢ 0.91412  0.2920 ***
Some high school in ¢ 0.56614  0.2523 **
High school degree in ¢ 0.26912 0.2501

GED degree in t 0.26282  0.2674
Some college in t 0.18921  0.2498
Technical school in ¢ -0.08693 0.1366
Bachelor’s degree in ¢ 0.06914  0.2808
Graduate degree in ¢ 0.22671  0.2835
Training program in ¢ -0.22136 0.1271

Poor /fair health in ¢ -0.26168  0.1572
Depressed in ¢ -0.10210  0.1046

Age - 18 0.01334  0.0071
Black race -0.22653  0.1354
Non-white non-black -0.05375  0.1592
Hispanic 0.19049  0.1626
Married -0.31923  0.1614 **
Black racexmarried 0.13375 0.2027
Non-white non-black x married 0.35958 0.2392
Hispanicxmarried -0.21848  0.2342
Number of children -0.11606 0.0816
Number of children squared 0.01313  0.0117

Time trend (0=2000) -1.99059  0.6171  ***
Time trend squared 0.78827  0.2074 F**
Time trend cubed -0.08267  0.0214  ***
Constant -0.97557  0.7526

Note: Logit estimator (Depression). Standard errors in parentheses.***

p<0.01, ** p<0.05, * p<0.1. Dollar amounts are in year 2000 dollars. Indi-
cators for missing exogenous and lagged endogenous variables are included
in estimation. Attrition at end of period; no identifying variables necessary.
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Table B11: Estimation Results: Initial Condition - Ever Charged,
Convicted, or Incarcerated

Variable name Coeff Std Err

Age - 18 0.06446  0.0147 ***
Black race -0.48239 0.2707 *
Non-white non-black 0.05812 0.3428
Hispanic -1.21885  0.3631  ***
Married -0.99360  0.3857  ***
Black racexmarried 0.35073 0.5542
Non-white non-black x married -1.18268 0.9058
Hispanicx married 0.65198 0.6968
Number of children -0.83471 0.5793
Number of children squared 0.17519  0.1153
Respondent’s mother highest grade completed 0.01209  0.0499
Respondent’s father highest grade completed -0.07229 0.0535
Respondent’s mother deceased -0.09825 0.3917
Respondent’s father deceased 0.12589 0.3239
Number of violent offenses -0.17456  0.0453  ***
Number of female prisoners 0.83741  0.2608  ***

State and local per capita expenditure: police protection  0.39613 0.4518
State and local per capita expenditure: judicial and legal — 0.57147  0.5439
State and local per capita expenditure: corrections -1.01089 0.5203
Constant -6.52008  0.8407 ***

*

Note: Logit estimator (Depression). Standard errors in parentheses.*** p<0.01, **
p<0.05, * p<0.1. Dollar amounts are in year 2000 dollars. Indicators for missing ex-
ogenous variables are included in estimation. Variables identifying initial condition: D;
and Z{ are jointly significant x2(13) = 62.78; p-value = 0.000).
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Table B12: Estimation Results: Initial Condition - Health Outcomes

General Health Depression Status
Variable name Coeff Std Err Coeff Std Err
Age - 18 0.00360  0.0024 -0.00819  0.0089
Black race -0.06116 0.0421 -0.09170  0.1448
Non-white non-black -0.09367  0.0588 -0.16948  0.1993
Hispanic -0.05656 0.0572 -0.03181 0.1932
Married 0.09408 0.0470  ** -0.22951 0.2045
Black racexmarried -0.06107  0.0660 0.14622  0.2626
Non-white non-black x married -0.05349  0.0873 0.52599  0.3050 *
Hispanicxmarried -0.14203 0.0817 * -0.47618  0.2949
Number of children -0.14390 0.0738 * 0.14586  0.2570
Number of children squared 0.03900  0.0173 **  -0.01641  0.0542
Respondent’s mother highest grade completed  0.01915  0.0058 ***  0.03063  0.0206
Respondent’s father highest grade completed 0.00736  0.0060 -0.05597  0.0223  **
Respondent’s mother deceased -0.05223 0.0605 -0.10414  0.2026
Respondent’s father deceased -0.07598 0.0441 * 0.04001 0.1502
Annual lowest temperature -0.00254  0.0027 -0.01404  0.0096
Annual precipitation (inches) 0.07427  0.2899 0.01189  1.0222
County HPSA rate: primary care 0.00234  0.0016 0.00234  0.0053
County HPSA rate: mental health care 0.00107  0.0041 -0.02542 0.0148 *
Average retail cigarette price ($/pack) -0.10000  0.0361 ***  0.00397  0.1245
State/federal cigarette tax (% of ave price) 0.00298  0.0032 0.00820  0.0115
Average wine price ($/bottle) 0.02920  0.0320 -0.01055  0.1130
Average beer price ($/6-pack) -0.02259  0.0367 0.02333  0.1362
Constant 3.93432  0.2067 *F* -1.61981  0.7018 **

Note: OLS (General Health); Logit estimator (Depression). Standard errors in parentheses.*** p<0.01,
** p<0.05, * p<0.1. Dollar amounts are in year 2000 dollars. Indicators for missing exogenous variables
are included in estimation. Variables identifying initial condition: D; and Z{ are jointly significant
F-stat= 4.48; p-value = 0.000; x%(16) = 29.74; p-value = 0.0194).
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C Additional Information

C.1 Fit of Dynamic Multi-equation Model to Annual Data

Figures show that the estimated (14-equation) model produces a data-generating
process that closely matches the observed data. This strong fit holds under two
different simulation strategies. First, we simulate using observed, pre-determined
explanatory variables without updating over time but with bias-corrected parame-
ter estimates that account for unobserved heterogeneity (labeled “Simulated: UH,
no UPDATE”). Second, we simulate dynamically from 1997 onward, updating (year
by year) the endogenous behaviors and outcomes that serve as lagged variables in
subsequent simulations of behaviors and outcomes (labeled “Simulated: UH, UP-
DATE”). For comparison, we also present simulations based on separate estimation
of each equation without modeling correlated unobserved heterogeneity or updating
over time (labeled “Simulation: no UH, no UPDATE”).

In the figures below, we plot the observed and simulated data by age of the women.
We restrict the age (in these figures) to 18-42 years in order to demonstrate the fit
of the model throughout the most common ages in the sample. Four percent of the
person-observations are under age 18 and four percent are over age 42, with a full
sample range of ages 14 to 52.
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C.2 Criminal Record - Health Associations using Wave Data

Before estimating our full dynamic model, we estimated a static, single-equation
model of health using the wave data to examine its correlation with a criminal record.
We also explore the association between criminal record and employment and welfare
participation. These analyses allow us to assess whether employment mediates, and
welfare moderates, the relationship between criminal history and health.

We first estimate the direct association between criminal history and health:
Hypy = fo+ BaCRi + €' (C1)

under three scenarios: with no additional controls, controls for demographics (age,
race, ethnicity, time trend), and controls for demographics and other social deter-
minants of health (namely, marital status, children, highest education level, and
current schooling/training). To account for heteroskedasticity, errors are clustered
at the individual level.

We then assess whether employment in period ¢ mediates this relationship by esti-
mating the following system:

e = oo+ anCR + ef (C2)
Hiyy = Bo+ BesCR: + Beszer + el (C3)

Next, we investigate whether the relationships among criminal history, employment,
and health vary by welfare participation status (r;), by estimating:

e = Qo+ O-/c4CRt + gy + acr4CRtrt + 6tE (64)
Hitn = Bo+ BesCRy + Beser + Brsri + BersCRyry + Efl . (Ch)

Figure denotes the estimated coefficients that define the associations between
variables of interest.

Table C1 displays results from static models estimated on wave data, assessing the
impact of criminal record — having ever being charged, convicted, or incarcerated —
on health outcomes (i.e., general health and depression). These criminal record im-
pacts should be summed: individuals who were ever incarcerated were also charged
and convicted; similarly, those ever convicted were also charged. The estimates sug-
gest that a criminal charge is negatively associated with general health (where higher
values indicate better health) and positively associated with depression. However,
once we control for socioeconomic characteristics and individual random effects, the
negative association with general health becomes statistically insignificant. Interest-
ingly, conviction becomes marginally significant (at the 10% level) for general health
and attenuates the previously observed relationship between a charge and depression.
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