Journal of Law and Economics

Volume 66 | Number 1 Article 6

2-1-2023

Did the Dependent Coverage Mandate Reduce Crime?

Zachary S. Fone
Zachary.Fone@chicagounbound.edu

Andrew |. Friedson
Andrew.Friedson@chicagounbound.edu

Brandy J. Lipton
Brandy.Lipton@chicagounbound.edu

Joseph J. Sabia
Joseph.Sabia@chicagounbound.edu

Follow this and additional works at: https://chicagounbound.uchicago.edu/jle

6‘ Part of the Law Commons

Recommended Citation

Fone, Zachary S.; Friedson, Andrew |.; Lipton, Brandy J.; and Sabia, Joseph J. (2023) "Did the Dependent
Coverage Mandate Reduce Crime?," Journal of Law and Economics: Vol. 66: No. 1, Article 6.

Available at: https://chicagounbound.uchicago.edu/jle/vol66/iss1/6

This Article is brought to you for free and open access by the Coase-Sandor Institute for Law and Economics at
Chicago Unbound. It has been accepted for inclusion in Journal of Law and Economics by an authorized editor of
Chicago Unbound. For more information, please contact unbound@law.uchicago.edu.


https://chicagounbound.uchicago.edu/jle
https://chicagounbound.uchicago.edu/jle/vol66
https://chicagounbound.uchicago.edu/jle/vol66/iss1
https://chicagounbound.uchicago.edu/jle/vol66/iss1/6
https://chicagounbound.uchicago.edu/jle?utm_source=chicagounbound.uchicago.edu%2Fjle%2Fvol66%2Fiss1%2F6&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/578?utm_source=chicagounbound.uchicago.edu%2Fjle%2Fvol66%2Fiss1%2F6&utm_medium=PDF&utm_campaign=PDFCoverPages
https://chicagounbound.uchicago.edu/jle/vol66/iss1/6?utm_source=chicagounbound.uchicago.edu%2Fjle%2Fvol66%2Fiss1%2F6&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:unbound@law.uchicago.edu

Did the Dependent Coverage
Mandate Reduce Crime?

Zachary S. Fone  United States Air Force Academy
Andrew 1. Friedson  University of Colorado Denver
Brandy J. Lipton  University of California, Irvine
Joseph J. Sabia  San Diego State University

Abstract

The Affordable Care Act’s dependent coverage mandate (DCM) induced ap-
proximately 2 million young adults to join parental employer-sponsored
health insurance plans. This study is the first to explore the impact of the DCM
on crime, a potentially important externality. Using data from the National
Incident-Based Reporting System, we find that the DCM induced a 2-5 per-
cent reduction in property crime incidents involving young adult arrestees ages
22-25 relative to those ages 27-29. This finding is supported by supplemental
analysis using data from the Uniform Crime Reports. An examination of the
underlying mechanisms suggests that declines in large out-of-pocket expendi-
tures for health care, increased educational attainment, and increases in cohab-
itation of parents and adult children may explain these declines in crime. Back-
of-the-envelope calculations suggest that the DCM generated approximately
$371-$512 million in annual social benefits from crime reduction among young
adults.

1. Introduction

Crime is disproportionately committed by young adults. In 2019, approximately
45 percent of all arrestees were under the age of 30 (Federal Bureau of Inves-
tigation 2020), and arrestees ages 22-25 generated social costs of property and
violent crimes of $50.5 billion (in 2020 dollars) (McCollister, French, and Fang
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2010)." In light of the high costs of crime attributable to young adults, policies
that change incentives for youths’ criminal behavior can have potentially large
social welfare effects.

The dependent coverage mandate (DCM) of the Affordable Care Act (ACA)
requires health insurers to allow young adults to remain on their parents’ private
health insurance plans until age 26. This provision was designed to increase in-
surance coverage among a relatively healthy population with historically high un-
insured rates, which potentially reduces adverse selection in insurance markets.
Early estimates show that in the first year following the DCM’s adoption, approx-
imately 2 million young adults added parental employer-sponsored health insur-
ance (ESI), which translated to approximately 938,000 fewer uninsured persons
(Antwi, Moriya, and Simon 2013). Other research documents that the DCM re-
duced young adults’ out-of-pocket (OOP) health care costs (Busch, Golberstein,
and Meara 2014; Chua and Sommers 2014), increased their educational attain-
ment (Colman and Dave 2018; Heim, Lurie, and Simon 2018), increased their
coresidency with parents (Chatterji, Liu, and Yo6riik 2022), and improved their
access to mental health services (Kozloff and Sommers 2017; McClellan 2017),
each of which may reduce crime. This study is the first to explore whether the
DCM impacted criminal behavior.

Recent studies have found that increased access to public health insurance
via Medicaid is associated with substantial reductions in crime (Wen, Hocken-
berry, and Cummings 2017; Vogler 2020; Aslim et al. 2019; Arenberg, Neller,
and Stripling 2020; He and Barkowski 2020).> While insuring against financial
risk and inducing increased use of health care services are shared mechanisms
through which the DCM and Medicaid may affect crime, there are a number of
reasons why the effect of the DCM on crime may differ.

First, the sociodemographic characteristics of those affected by the DCM and
Medicaid expansions differ in ways that could generate differential policy im-
pacts. The DCM targets those ages 19-25, a demographic that accounts for a sub-
stantial share of criminal arrests in the United States (Federal Bureau of Investi-
gation 2020). For comparison, the average individual newly insured as a result
of the ACA’s Medicaid expansion was age 39. A 26-year-old, who has the lowest
arrest propensity of those affected by the DCM, is 65 percent more likely to be
arrested for a property crime and 84 percent more likely to be arrested for a vio-
lent crime than a 39-year-old (Courtemanche et al. 2017; Federal Bureau of In-
vestigation 2020). In addition, the DCM was substantially more likely to impact
males than most previous Medicaid expansions given that Medicaid recipients
are disproportionately female (Kaiser Family Foundation 2019). In 2019, females

! These figures are calculated using Federal Bureau of Investigation (2020, table 38 [https://ucr.fbi
.gov/crime-in-the-u.s/2019/crime-in-the-u.s.-2019/topic-pages/tables/table-38]; table 1 [https://ucr
.fbi.gov/crime-in-the-u.s/2019/crime-in-the-u.s.-2019/tables/table-1]), supplemented with 2019 Na-
tional Incident-Based Reporting System (NIBRS) data (Kaplan 2021).

2 Also relevant is Jadcome (2022), which shows that loss of Medicaid increased criminal behavior.
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accounted for only about one-quarter of all arrestees (Federal Bureau of Inves-
tigation 2020). Thus, because the marginal person impacted by the DCM has a
higher propensity to commit crime than the marginal person impacted by Med-
icaid expansions, one might expect larger effects on crime from the former policy
change.

On the other hand, the ACA’s Medicaid expansion targeted individuals living
in poverty and in near-poverty households (household income up to 138 percent
of the federal poverty line), while those affected by the DCM were generally from
moderate- to higher-income households. Because family socioeconomic status is
a potentially important correlate of young adults’ crime, especially violent crime,
the DCM’s effect on some offenses may be smaller.

Second, the DCM impacted access to private health insurance plans, which
could have a very different effect on crime relative to expansions of public plans.
This may be due to differences in the breadth of medical services provided (in ser-
vices covered and breadth of the network of providers) and differences in the gen-
erosity of coverage. For example, the DCM decreased the total OOP spending of
young adults (Busch, Golberstein, and Meara 2014) and, in particular, decreased
the percentage of OOP costs for young adults with behavioral health conditions
(Ali et al. 2016).* These effects may be due in part to increases in the quality of
coverage under the DCM: we estimate a reduction of 954,000 22-25-year-olds
without any form of coverage but an increase of 2.03 million young adults with
dependent coverage, which implies that 1.07 million young adults transitioned to
dependent coverage from another source of coverage. This large compositional
shift in the type of coverage was not as substantial for the ACA’s Medicaid expan-

* There is a widely accepted law and economics literature showing that criminal behavior is re-
sponsive to changes in local economic conditions (that is, wages and employment); for examples,
see Gould, Weinberg, and Mustard (2002), Machin and Meghir (2004), Lin (2008), and Draca
and Machin (2015). However, results in the literature on the cross-sectional relationship between
household income and crime are more mixed than one might suppose, with several studies finding
little evidence of an association (Wikstrom and Butterworth 2006; Dunaway et al. 2000; Wright et
al. 1999). Further, while a young adult had to have access to private, parental insurance to benefit
from the federal dependent coverage mandate (DCM), evidence suggests that not only the highest-
income young adults gained coverage under the provision (McMorrow et al. 2015). In fact, absolute
declines in the uninsured rate were similar among moderate-income (139-400 percent of the federal
poverty level) and high-income young adults (more than 400 percent of the federal poverty line),
which is likely because high-income young adults were much less likely to be uninsured before the
DCM was implemented (McMorrow et al. 2015). On the basis of our analysis of waves 1 and 3 of
the National Longitudinal Study of Adolescent to Adult Health, youth covered by private insurance
(who could be affected by the DCM) report lower propensities to commit violent crimes but higher
rates of property crime than youth covered by Medicaid (in wave 1; no statistically significant dif-
ferences are found in wave 3). While these calculations are purely descriptive, they suggest that the
population targeted by the DCM is not necessarily less prone to property crime than the population
affected by Medicaid expansion under the Affordable Care Act (ACA). See Online Appendix Tables
OA1 and OA2 for these calculations.

4 Access to mental and behavioral health care has been shown to decrease local crime (Wen,
Hockenberry, and Cummings 2017; Bondurant, Lindo, and Swensen 2018; Deza, Maclean, and Sol-
omon 2020).
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sions (Courtemanche et al. 2017; Clemens, McNichols, and Sabia 2020) and may
have important and unique effects on crime.

In addition, there is strong evidence that the DCM incentivized greater in-
vestments in human capital (that is, educational attainment) among young
adults (Colman and Dave 2018; Heim, Lurie, and Simon 2018), an added chan-
nel through which the DCM could reduce crime. Moreover, unlike Medicaid
expansions, the DCM created incentives for closer residential and financial ar-
rangements between adult children and their parents. For example, the DCM in-
creased the rate of cohabitation of adult children and their parents (Chatterji, Liu,
and Yoriik 2022), which may have induced additional monitoring of the former
and increased the costs of their engaging in surreptitious criminal activity. Such
changes in living arrangements may also have affected parents’ finances and in-
centives by others in the household (that is, siblings, parents, other residents) to
commit crimes, which generated spillover effects on those not directly impacted
by the DCM.

Finally, the marginal cost of insurance coverage for an uninsured adult dif-
fers substantially between the ACA’s Medicaid expansions (Wolfe, Rennie,
and Truffer 2017) and the DCM (Depew and Bailey 2015), and there are also
differences in who bears the costs of these policies. This leads to different per-
beneficiary social gains or losses and a different societal distribution of the net
benefits and costs.?

This study is the first to provide estimates of the impact of the DCM on
crime. First, using a panel of law-enforcement-agency-months from the 2008-
13 National Incident-Based Reporting System (NIBRS)—and a difference-in-
differences approach that relies on age eligibility as the primary source of iden-
tifying variation—we find that the DCM is associated with a 2-5 percent decline
in property crime arrests among eligible individuals ages 22-25 relative to those
ages 27-29. Our preferred estimate of the implementation effect translates to
about 47,000-65,000 crimes averted by the DCM and an implied elasticity of
crime with respect to dependent health insurance coverage of —.06. We find no
evidence that the DCM affects violent crime. Supplemental estimates generated
from the Uniform Crime Reports (UCR)—which rely on an alternate source of
identifying variation, pre-DCM young adults’ county-level uninsured rates, to
capture a heterogeneous sample of the national program’s shock across jurisdic-
tions—largely confirm our NIBRS-based findings and further suggest little ev-
idence of within-household spillover effects on older individuals. Back-of-the-
envelope calculations suggest that the DCM generated approximately $371-$512
million in annual social benefits from reductions in crime among young adults.

> There are also identification-related advantages to studying the DCM. The age-based (or birth-
cohort-based) nature of the DCM permits within-city, cross-cohort comparisons of crime, which
better permit one to isolate the effects of DCM-induced private health insurance expansions from
contemporaneous local economic and policy shocks.
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2. Background

2.1. The Premandate Landscape and the Mandate’s
Impact on Insurance Coverage

Prior to March 2010, approximately one in three young adults ages 19-25 was
uninsured (Antwi, Moriya, and Simon 2013). While many states passed depen-
dent coverage laws before the federal implementation of the DCM, they tended
to be weaker along several dimensions. In particular, most state DCMs had addi-
tional eligibility criteria (other than age), such as requiring that young adults be
financially dependent on their parents, unmarried, childless, uninsured, or en-
rolled in school (Cantor et al. 2012a). Further, according to the Employee Re-
tirement Income Security Act, firms that self-insure are not required to follow
state-level insurance mandates (Pierron and Fronstin 2008).° Studies generally
find that state-level DCMs result in modest increases in dependent coverage of
about 1-2 percentage points (Levine, McKnight, and Heep 2011; Monbheit et al.
2011; Depew 2015), with some results suggesting that the increases are largely
offset by reductions in own-name coverage (Monheit et al. 2011; for a review, see
Trudeau and Conway 2018).

Many studies document a reduction in the uninsured rate and an increase in
private coverage among young adults after implementation of the federal DCM
(Sommers and Kronick 2012; Cantor et al. 2012b; Antwi, Moriya, and Simon
2013; Sommers et al. 2013; O’Hara and Brault 2013; Kotagal et al. 2014; Chua
and Sommers 2014; Shane and Ayyagari 2014; Barbaresco, Courtemanche, and
Qi 2015; JThamb, Dave, and Colman 2015; Scott et al. 2015a, 2015b; Wallace and
Sommers 2015). Estimates of the increase in health insurance coverage generally
range between 3 and 7 percentage points (or approximately 4 and 10 percent).” In
addition to the increase in any source of health insurance coverage, many young
adults transitioned to a parent’s insurance plan from another form of health in-
surance (Antwi, Moriya, and Simon 2013).

2.2. Labor Market and Financial Mechanisms

The federal DCM may impact crime through a number of channels. Some of
the pathways are shared with expansions in public health insurance (that is, a
reduction in negative income effects from adverse health shocks and increased
access to some health care services), while others are unique to the DCM (in-
centives for greater financial and residential ties between adult children and par-
ents, increased college enrollment, and access to a greater breadth and quality of
services with private coverage). We detail these below, beginning with economic
and financial channels.

©In 2009, self-insured firms represented 59 percent of firms providing employer-sponsored insur-
ance (Claxton et al. 2010).

7 See Breslau et al. (2018b) for a review of this literature and the literature on the DCM and health
care utilization and outcomes.
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The theoretical connection between economic well-being and the propensity to
commit crime is well established (Becker 1968). Theory suggests that noncrim-
inal alternatives are a major component of the opportunity cost of engaging in
criminal behavior to generate income. By this logic, any improvements in non-
criminal options such as higher income, a better employment match, or addi-
tional educational choices will increase the opportunity cost of criminal behavior
and reduce crime (see Gould, Weinberg, and Mustard 2002; Machin and Meghir
2004; Lin 2008; Draca and Machin 2015).

The DCM may have affected the trade-off between engagement in legal and
illegal activities in several ways. First, the DCM has been shown to have an im-
pact on employment and income, though research on this topic comes to mixed
conclusions. There is evidence that the DCM decreased employment and wages
among young adults (Antwi, Moriya, and Simon 2013; Heim, Lurie, and Simon
2018), decreased hours and the likelihood of working full-time (Antwi, Moriya,
and Simon 2013), and increased job search activities (Colman and Dave 2018).
However, there is a lack of consensus as to whether these reductions in employ-
ment represent an increase in job mobility, a decreased need to work full-time
because of reduced reliance on employer-provided benefits, or worsening em-
ployment outcomes (Bailey and Chorniy 2016; Bailey 2017; Heim, Lurie, and Si-
mon 2018).

Second, there is emerging evidence that increasing access to private health in-
surance increases educational attainment among dependents. Heim, Lurie, and
Simon (2018) find a 2.3 percent increase in full-time college enrollment and a 4.3
percent increase in graduate student enrollment due to the DCM. Colman and
Dave (2018) indicate that the DCM is associated with a 15-20 percent increase
in young adults’ time spent on educational activities. And while not specifically
studying the effects of federal implementation of the DCM, Dillender (2014)
finds that state-level DCMs increased educational attainment among young men.

Finally, the DCM has been shown to decrease OOP spending on health care
services (Busch, Golberstein, and Meara 2014; Chua and Sommers 2014; Ali et al.
2016) and improve overall financial stability (Blascak and Mikhed 2018), which
can be viewed as a positive shock to an individual’s expected disposable income.?
Moreover, as the DCM increases the likelihood that adult children live with their
parents (Chatterji, Liu, and Yoritk 2022), changes in cohabitation may also con-
tribute to improvements in financial status through reductions in the costs of liv-
ing (for example, rent and groceries). This cohabitation may have the additional
effect of changing economic conditions for others in the household, which could
create spillover effects on criminal behavior for parents or siblings not directly
targeted by the DCM.

Taken together, the impacts of the DCM on crime via economic channels is
theoretically ambiguous. While increasing educational attainment, reducing job
lock, and softening financial strain should decrease the incentives for crime, neg-

8 Chen, Bustamante, and Tom (2015) find no effect of the DCM on out-of-pocket (OOP) expendi-
tures but exclude high-cost outliers from their sample.



Dependent Coverage Mandate 149

ative employment effects could instead increase them (Gould, Weinberg, and
Mustard 2002; Lochner 2004; Lochner and Moretti 2004; Machin and Meghir
2004; Lin 2008; Anderson 2014; Draca and Machin 2015).

2.3. Health Mechanisms

Health care access and utilization may affect criminal behavior by improving
physical and mental health, though the magnitude and direction of the effects
may depend on the type of care consumed. With regard to general health ser-
vices, research suggests that the DCM increased the likelihood that young adults
had a usual source of care (Kotagal et al. 2014; Wallace and Sommers 2015), in-
creased the number of visits to physicians per year (Jhamb, Dave, and Colman
2015), and improved self-reported measures of physical and mental health (Carl-
son et al. 2014; Chua and Sommers 2014; Barbaresco, Courtemanche, and Qi
2015; Wallace and Sommers 2015; Burns and Wolfe 2016). These results do not
theoretically imply growth or reduction in criminal activities, as better health and
health care access in general may be beneficial in terms of both legal and illegal
activities.

One form of health care particularly relevant to criminal activity is treatment
for substance abuse disorder (SUD) and other related mental health services.
Substance abuse has several connections to crime, with individuals abusing sub-
stances theoretically being more likely to commit crimes and more likely to be
victimized (Goldstein 1985; Dobkin and Nicosia 2009; Dave, Deza, and Horn
2018). Several studies explore the relationship between the DCM, mental health
services, and SUD treatment, and on balance this research suggests that the man-
date increased access to treatment among young adults.”'® Antwi, Moriya, and
Simon (2015) and Golberstein et al. (2015) find increases in psychiatric hospital
admissions due to the DCM, with the latter study finding the largest increase due
to SUD treatment. Fronstin (2013) finds that young adults newly covered by the
DCM were more likely to access mental health services and SUD treatment, and
Saloner and Cook (2014) find that the DCM led to a 17 percent increase in uti-
lization of mental health treatment (but no impact on SUD treatment). Finally,
Saloner et al. (2018) find reductions in inpatient SUD treatment because of the
DCM. The authors point out that their result may not be reflective of a reduction
in SUD treatment overall but a substitution toward other venues for care such as
specialty rehabilitation and detoxification in outpatient settings."!

While increased access to SUD treatment is likely to reduce substance use and
abuse, gaining health insurance coverage may increase access to prescription

°® Wettstein (2019) finds that each additional percentage point of insurance coverage induced by
the DCM reduced opioid-related deaths by 19.8 percent among young adults. This result may be
driven by access to substance use disorder (SUD) treatment but could also be attributed to other fac-
tors such as lower barriers to access for overdose-reversal drugs such as naloxone.

' Bondurant, Lindo, and Swensen (2018) use openings and closings of SUD treatment centers to
show that centers are associated with reductions in both violent and property crime.

!! Saloner et al. (2018) also cannot rule out that reductions in substance use or improved general
health make young adults less likely to need severe interventions.
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drugs and therefore increase the potential for abuse of legal substances (Gold-
stein 1985). Health insurance may also increase the likelihood of substance abuse
via ex ante moral hazard. Barbaresco, Courtemanche, and Qi (2015) find that
the DCM increased risky drinking among young adults, a behavior that has been
tied to increased crime (Carpenter 2007; Carpenter and Dobkin 2015; Anderson,
Crost, and Rees 2018). In summary, these health-related mechanisms suggest a
theoretically ambiguous impact of the DCM on crime, as the newly insured are
more likely to be able to obtain SUD treatment but are also more likely to engage
in crime-related risky behaviors.

2.4. Social Mechanisms

One final way that the DCM may have influenced crime is by changing house-
hold structure or through peer influences. Chatterji, Liu, and Yoriik (2022) find
that the DCM is associated with a 6-percentage-point (17.5 percent) increase in
young adults living with their parents.'? This change in living arrangements could
provide a deterrent to crime through parental monitoring or risk of loss of inex-
pensive housing if parents are unwilling to support children engaged in criminal
activities.”® In addition, if the DCM increases the likelihood that young adults
attend school, positive (potentially crime-reducing) social effects could be gener-
ated via peer influences (Gaviria and Raphael 2001).

2.5. Prior Literature on Health Insurance and Crime

The existing literature on health insurance and crime concludes that Medicaid
expansions led to reductions in crime. Wen, Hockenberry, and Cummings (2017)
examine expansions in Medicaid well before the enactment of the ACA via health
insurance flexibility and accountability (HIFA) waivers. The authors demon-
strate a direct connection between access to SUD treatment and reductions in
crime using HIFA waiver timing as an instrument. More recent studies use vari-
ation from the ACA Medicaid expansions and demonstrate sizable reductions in
crime (Vogler 2020; He and Barkowski 2020). These studies estimate cost savings
from reduced crime due to Medicaid expansions of between $4 billion and $10.5
billion a year. Along the dimension of violent criminals’ recidivism, Aslim et al.
(2019) find that the ACA Medicaid expansions reduced the likelihood that a mul-
tiple reoffender returned to prison within 1 year of release by 30 percent."

'2 Chatterji, Liu, and Yoriik (2022) hypothesize that young adults may be more likely to live at
home after enrolling in their parents’ health insurance because of the geographic boundaries of an
insurance provider’s network. A young adult living far from his or her parents may not have access
to the provider network, and therefore being on parental health insurance would provide little if any
benefit in terms of access to health care and lower OOP spending.

'3 As noted above, cohabitation with parents could also have an income effect (through lower liv-
ing expenses) that might reduce the propensity for economically motivated crime.

4 Also relevant is Arenberg, Neller, and Stripling (2020), which demonstrates a link between

childhood Medicaid eligibility and a decrease in adult incarceration, and Jacome (2022), which doc-
uments increases in crime after loss of Medicaid.
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3. Data

Our primary source of data is the Federal Bureau of Investigation’s NIBRS,
which compiles incident reports from law enforcement agencies. Each incident
report provides information about the nature of the crime and the demograph-
ics of up to three arrestees. We aggregate the 2008-13 NIBRS data into law-
enforcement-agency-month-age counts (hereafter, agency-month-age counts)
of criminal incidents leading to an arrest for part I property crimes (larceny, mo-
tor vehicle theft, burglary, or arson), part I violent crimes (aggravated assault,
robbery, rape, or murder), and all crimes (property and violent crime) for those
ages 22-25 and 27-29." This differentiation by an individual’s age at arrest is im-
portant for our first empirical strategy, which relies on eligibility for the DCM
(persons become ineligible at age 26) as a key source of identifying variation.'®

We supplement our main analysis with data from the 2008-13 UCR, which
has far wider geographic coverage than the NIBRS. While 37 states and the Dis-
trict of Columbia participated in the NIBRS (as of 2014), representing cover-
age of roughly 93 million US residents (Federal Bureau of Investigation 2015b),
the UCR data cover roughly 98 percent of the US population in all 50 states and
the District of Columbia (Federal Bureau of Investigation 2015a) and, when
weighted, are representative of the US population. This additional geographic
coverage allows us to employ a second identification strategy, which relies on
cross-county variation in pre-DCM uninsured rates of young adults to capture
a heterogeneous sample of the national policy shock across jurisdictions; to test
for spillover effects of the DCM on older individuals, who could be affected by
changes in household composition; and to examine the effects of the DCM on
19-21-year-olds, who (as discussed below) have very different criminal propen-
sities relative to older individuals. The key drawback of the UCR is that data on
the exact ages of arrestees older than 24 are not available (the data are recorded
in 5-year age bins, that is, 25-29, 30-34, and so on); therefore, we rely on data for
individuals who are 19-21, 22-24, and 25 and older. Note that the final age bin is
partially treated, as 25-year-olds may be affected by the DCM. We also investigate
potential mechanisms using the 2008-13 Survey of Income and Program Par-
ticipation (SIPP), the Medical Expenditure Panel Survey (MEPS), the National
Health Interview Survey (NHIS), and the Treatment Episode Data Set (TEDS).
These data sources are described in more detail in Section 6.3.

Table 1 presents population-weighted means of incident counts for the main
analysis samples of 22-25-year-olds (treatment group) and 27-29-year-olds

> We end our sample with 2013 to avoid contaminating our data with the ACA Medicaid expan-
sions and rollout of the health insurance marketplaces.

' For each agency, we also calculate an estimated age-specific population by single year of age.
We generate an estimate of the age-specific agency population by multiplying the agency population
from the NIBRS by the share of the population that each age represents in the county in which the
reporting agency is located. These county-specific shares are calculated using data from the National
Cancer Institute’s Surveillance, Epidemiology, and End Results Program.
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Table 1

Summary Statistics

Ages 22-25 Ages 27-29
Mean  SD N Mean  SD N

Full sample:

Property crime 1.924 3.569 950,488 1.530 2.840 712,866

Violent crime 831 1911 733,748 .647 1.464 550,311
Preenactment:

Property crime 1.808 3.456 330,052 1.405 2.693 247,539

Violent crime .831 1.851 259,828 664 1.474 194,871
Enactment:

Property crime 1.933 3.510 78,108 1.519 2.823 58,581

Violent crime 907 1987 59,976 724 1.635 44,982
Implementation:

Property crime 1.992  3.642 542,328 1.609 2.928 406,746

Violent crime .820 1.935 413,944 626 1.431 310,458

Note. Results are weighted means of counts of criminal incidents leading to
an arrest from the National Incident-Based Reporting System for 2008-13.
The unit of observation is an agency-age-month. The dependent coverage
mandate became law March 23, 2010.

(control group)."” The preenactment period is January 2008-March 2010, the en-
actment period is April-September 2010, and the postimplementation period is
October 2010-December 2013. Arrests for property crimes are roughly two to
three times as common as arrests for violent crimes.

Trends in mean counts of property and violent crimes are plotted in Figure 1."®
In both panels the arrest rate largely follows a common trend before the DCM
for the two age groups. There is a more noticeable trend break at the time of the
DCM for those ages 22-25, particularly for property crime.

4. Methods
4.1. Primary Estimation Strategy

We begin by pooling 2008-13 data from the NIBRS on agency-age counts of
criminal incidents that involve arrestees ages 22-25 and 27-29. Because these are
count data, we estimate the following Poisson regression (for a description, see

7 Unweighted means are in Online Appendix Table OA3.

'8 In Figure 1, average monthly crime arrest rates use data from the NIBRS. Arrest rate trends
span January 2008—March 2010 (pre-DCM) and April 2010-December 2013 (post-DCM); the ACA
was signed into law on March 23, 2010. The dashed lines represent the predicted values from simple
linear regressions of the arrest rate on a linear-time-trend variable. The vertical lines differentiate the
periods: pre-DCM (event time < 0), enactment (event time = 0), and postimplementation (event
time > 0).
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Figure 1. Trends in arrest rates, 2008-13. A, Property crime; B, violent crime

Rees et al. 2019; Cameron and Trivedi 1986; Grootendorst 2002) via a maximum-
likelihood method:

Y,

iast

= E,.exp[f, + 0, (Treat; x Enact,) 4+ (3, (Treat;, x Implement, )
+ B,State DCM,, + Unemployment,,,3, + 0, + T, (1)
+6, x Year, + €., ],

where Y, denotes the number of criminal incidents involving an arrestee
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of age i reported by law enforcement agency a in state s during month-year ¢.
The exposure parameter in the Poisson model is E,,;, for which we use the es-
timated age-specific population served by the reporting agency.' The binary
variable Treat; equals one for agency-age cells for 22-25-year-olds and zero for
27-29-year-olds.

While the DCM affected young adults ages 19-25, we focus on a narrower
treatment group—those ages 22-25—for several important reasons. First, pre-
vious research documents that criminal activity increases until 18 and then de-
clines with age (Lee and McCrary 2017); moreover, the propensity to commit
violent crimes is higher among minors and younger adults than among older
adults (Perkins 1997).% Thus, comparing those ages 19-21 with those ages 27-29
could be problematic given substantial differences in underlying propensities to
commit crimes. In contrast, comparing those who are closer in age (those 22-25,
who are directly affected by the DCM, and those 27-29, who are not) ensures
that the treatment and control groups have similar age-specific propensities. Sec-
ond, the minimum legal drinking age of 21 is associated with increases in crime
among young adults (Carpenter and Dobkin 2015; Callaghan et al. 2016). To dis-
entangle the effects of the DCM from changes in arrests caused by the drinking
age, we ensure that individuals in our treatment and control groups are over age
21. Finally, we focus on a narrower treatment group so that we have similar-sized
(in terms of ages) treatment and control groups.

In equation (1) Enact, is a binary variable that equals one during the DCM
enactment period (April-September 2010) and zero otherwise, and Implement,
is a binary variable that equals one during the implementation period (Octo-
ber 2010-December 2013) and zero otherwise. We omit 26-year-olds because of
the ambiguity in their treatment status, as variation in birthdays relative to in-
surance plan start dates creates unobserved variation in who is covered as a de-
pendent during their 26th year (Antwi, Moriya, and Simon 2013).2' We split the
post-DCM period into enactment and implementation windows because of the
possibility of anticipatory changes in insurance enrollment, an analytical strat-
egy consistent with Antwi, Moriya, and Simon (2013). The variable State DCM,,

' Despite the advantages of the Poisson model, one limitation is the implicit assumption that the
mean of the error term is equal to the variance of the outcome variable. To ensure that the estimated
treatment effects are not sensitive to this assumption, we also estimate a (less saturated) negative
binomial regression (that includes state-time fixed effects to permit convergence of the likelihood
function). This estimation strategy produces estimated DCM effects that are qualitatively similar to
those from Poisson regressions.

% Another potential comparison would be to use 19-20-year-olds as the treatment group and
16-17-year-olds as the control group. These groups face very different home and drinking environ-
ments, and comparisons of the groups fail the common-pretreatment-trends assumption (results
available from the authors on request).

2! Including 26-year-olds as part of the control group leads to results that are similar to those
found when omitting them.
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is a control for age-specific pre-ACA state dependent coverage mandates,”? and
Unemployment,,, is a vector of covariates for macroeconomic controls: the
county-month unemployment rate, its interaction with the treatment group, and
the unemployment rate by state-year—age-bin (22-25 and 27-29; hereafter state-
year-bin). Finally, 6, is an arrestee age effect, 7, is a month-year effect, and J, x
Year, is a vector of agency-year fixed effects. An important advantage of the Pois-
son regression model is that the inclusion of fixed effects does not lead to an in-
cidental-parameters problem (Card and Dahl 2011).2 We also experiment with
controls with state-specific age effects, which allow crime propensity levels to dif-
fer by age across states. Regressions are weighted by the estimated age-specific
agency population,* and standard errors corrected for clustering are at the state
level.

In alternate specifications, we use birth year rather than age cohort to define
treatment (that is, 27-year-olds in 2013 would have been covered by the DCM
when they were younger and could, theoretically, experience lagged arrest effects
from prior coverage). We also explore the relationship between years of exposure
to the DCM and crime.

4.2. Tests of Identification Assumptions

Estimates of our primary coeflicients of interest, 3, and [3,, identify the reduced-
form impact of the DCM on crime so long as the common-pretreatment-trends
assumption is satisfied and no other shock differentially impacted the treatment
and control groups at the same time.”® We utilize a number of approaches to add
credibility to a causal interpretation of our estimates. First, as noted above, the
specification includes a fully interacted set of agency-year fixed effects. This helps
to ensure that no state or local policy shocks or economic conditions common
to 22-25-year-olds and 27-29-year-olds contaminate the estimates. Moreover, as
noted above, we include interactions of the local unemployment rate with the
treatment group, age-group-specific unemployment rates, and state-treatment-
group fixed effects. These additional controls net out any differential trends
across ages that are due to age-specific economic conditions.

Second, while common trends in the posttreatment period are untestable, we

2 Between 1995 and 2010, 35 states implemented a DCM. The ages covered and coverage require-
ments varied by state. Most states required that young adults be unmarried, eight states required
full-time student status, and four states required that young adults not have their own dependents.
See Dillender (2014) for a description of the laws by state.

# As discussed below, we also experiment with agency-month-year fixed effects, which, while
more computationally intensive, more flexibly control for agency-specific time trends.

2 Our primary estimates are weighted to address potentially heteroskedastic errors (because of
larger variance in reported crimes from smaller law enforcement agencies) and generate estimates
that are representative of the average person living in the United States in the NIBRS sample (see
Solon, Haider, and Wooldridge 2015). However, estimates are not sensitive to the choice of weight-
ing versus not weighting.

» It is important to note that the estimates of /3, and (3, represent the net effect of all channels at
play and do not identify the mechanisms individually.
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do explore whether trends in crime for treatment and control groups evolved
similarly in the pretreatment (pre-DCM) period by estimating an event-study
equation of the following form:

Y,

iast

4
= E,.exp|a, + Z 7, (Treat, x D/) + nState DCM,,
j=—3,j=—1 2)
+ Unemployment, p + 6, + 7, + 9, X Year, + ¢

iast |

where D/ is a set of binary variables for each 6-month period, indexed relative
to the date of passage of the ACA (and the DCM) into law (the omitted period is
the 6-month period immediately preceding the enactment of the DCM). Each +;
coeflicient tests the impact in the given 6-month period (relative to the omitted
period) for the treatment group relative to the control group. Estimates that are
statistically indistinguishable from 0 in the pre-DCM period are indicative of a
lack of differential trend between treatment and control groups.?

Third, given that the DCM was implemented in the wake of the great recession
and an escalating national opioid epidemic, we take a number of steps in addi-
tional specifications to ensure that the findings are not contaminated by those
events. With regard to the great recession, we control for interactions of the treat-
ment group with measures of exposure to the great recession (state housing price
indices and unemployment). This is done to directly control for the localized
impact of the recession. We also show the robustness of the results to omitting
the recession period. With regard to the opioid epidemic, we control directly for
state-level measures of opioid exposure for age groups unaffected by the treat-
ment (those 30 and older) interacted with the treatment group. Alternatively, we
omit the states with the largest exposure to the opioid epidemic, measured using
the Centers for Disease Control and Prevention’s Multiple Cause of Death data
files.”” Note that this approach does not preclude the possibility that the ACA
could have affected crime through the channel of opioid abuse among those af-
fected by the treatment.

4.3. Exploiting Geographic Heterogeneity

One concern with the identification strategy based on age is that estimates
could be contaminated if age-specific crime rates were on different trends fol-
lowing the DCM for reasons unrelated to the change in policy. Thus, we next
draw data from the UCR and explore an alternative identification strategy with

%6 This exercise is of particular importance because of findings in Slusky (2017) that many DCM
analyses fail tests of the parallel-trends assumption for certain age groups.

» We rank the states in our NIBRS analysis sample by their rates of opioid-related mortality for
individuals 30 and older and then produce estimates from a sample that excludes the top five states
in opioid mortality.
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county-level data on pre-DCM uninsured rates among young adults (ages 18-24)
from the 2009 American Community Survey summary files. We estimate

Y,

iast

= E, exp[3, + 5,(Uninsured Pre-DCM,, ,,, X Enact,)
+ 3,(Uninsured Pre-DCM,, ,y4, x Implement, ) (3)
+ ZiastﬂS + 01’ + Tt + 611 + Eiast]’

where Z,,, is a vector of controls including pre-DCM state mandates, the county
unemployment rate, the state-year-bin unemployment rate, and a control for
agency-month fixed effects to control for heterogeneous reporting of arrests
during the year.

The key treatment measures are the interaction of the posttreatment period
(Enact, and Implement,) and Uninsured Pre-DCM,,4, the county-level unin-
sured rate for 18-24-year-olds in 2009 associated with agency a. We expect that
the DCM will have a larger effect in counties with higher rates of uninsured young
adults before the DCM, consistent with the literature on Medicaid expansion
(Courtemanche et al. 2017; Clemens, McNichols, and Sabia 2020). The main dif-
ference with this estimation approach is that identification no longer leverages
variation in treatment based on age groups but instead uses variation based on
geography.?

An additional advantage of this approach is that we are able to test for spillover
effects of the DCM on other age groups. This is done by varying the age group for
which the outcome variable Y, is measured. If larger rates of uninsured young
adults before the DCM predict changes in arrests for individuals not directly tar-
geted by the DCM, this would be evidence in support of spillover effects.

5. Results

Our main findings are presented in Table 2. In all models, standard errors are
clustered at the state level (Bertrand et al. 2004).

5.1. The Dependent Care Mandate and Crime

Table 2 presents difference-in-differences estimates from equation (1) of the
effect of the DCM on criminal incidents leading to an arrest for property and
violent crimes. When controlling for age, month-year, and agency fixed effects,
we find that the DCM is associated with a statistically insignificant 1.9 percent
[exp(—.019) — 1] decline in property crime arrests involving 22-25-year-olds
during the enactment period and a statistically significant 5.0 percent decline in
property crime in the postimplementation period (column 1). Estimates are sim-
ilar with a control for the monthly county unemployment rate interacted with
treatment status (5.1 percent implementation effect, column 2), state-bin un-
employment rates (5.8 percent implementation effect, column 3), and treatment

2 Equation (3) also includes interactions of Uninsured Pre-DCM, 4o with State DCM,, and
Unemployment,,.
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status with state fixed effects (4.6 percent implementation effect, column 4) and
when the sample is restricted to a balanced panel (4.5 percent implementation
effect, column 5). All implementation effects for property crimes are statistically
significant at the 5 percent level.” These findings are consistent with the hypoth-
esis that expansions in private health insurance are effective at reducing young
adults’ property crime. They suggest approximately 65,000 fewer property crimes
as a result of the DCM. Compared with the gain in coverage for nearly 2.03 mil-
lion young adults, this corresponds to an implied crime elasticity with respect
to dependent coverage of —.06, an estimate that is about a quarter of the size of
previously estimated elasticities of crime with respect to public health insurance
(Vogler 2020).%*!

In contrast to the findings for property crime, none of the estimates for violent
offenses are statistically significant at conventional levels, and the estimates for
implementation are much smaller in magnitude (between one-half and one-third
the size) than the estimates for property crime. This result could suggest that the
DCM generates more economic incentives for crime.*

5.2. Event-Study Analyses

To ensure that the effects in Table 2 are not being driven by differential pre-
treatment trends in crime, we turn to the event-study analysis and equation (2).
Figure 2 provides support for the hypothesis that the common-trends assump-
tion is satisfied.” Pretreatment differentials in crime between the treatment and
control groups for both property (Figure 2A) and violent (Figure 2B) crime sug-
gest no evidence of different pretreatment trends. Following the enactment and
implementation of the DCM, there is clear evidence of a modest decline in prop-
erty crime but little evidence of a decline in violent crime. In terms of postimple-
mentation effects, declines in property crime were somewhat larger in magnitude
2 or more years after implementation (4 or more half years) and followed a con-
sistent pattern. The sizes of the effects were similar in each additional postim-
plementation period and became statistically significant beginning 1.5 years after

» Table OA4 includes agency-month-year fixed effects. While computationally more intensive,
the results are quantitatively similar to those in column 3 of Table 2.

* Note that this implied elasticity is an upper bound given that there are many indirect channels
(other than the direct effects of health insurance) through which the DCM may affect crime (see
Sections 6.1-6.3).

*! The magnitude of the property crime effect (5.8 percent; Table 2, column 3) and the dependent
health insurance coverage effect (97.5 percent; Table 7, column 2) imply an elasticity of property
crime with respect to dependent coverage of —.058/.975, or —.06.

2 Table OA5 presents coefficient estimates on the unemployment rate. The empirical results sug-
gest a positive but statistically insignificant relationship between the county unemployment rate and
property crime. The effect on property crime is positive for both the treated (23-25) and control
(27-29) age groups, but the sign on the interaction suggests that the positive effect of the county
unemployment rate is less positive (though not significantly so) for the treatment group than the
control group.

¥ Figure 2 presents event-study coefficients from the regression in equation (2) using data from
the NIBRS. The dependent variable is the count of criminal incidents leading to an arrest in an
agency-age-month. Errors bars are 95 percent confidence intervals. The vertical lines differenti-
ate the periods: pre-DCM (event time < 0), enactment (event time = 0), and postimplementation
(event time > 0)
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Figure 2. Event-study analysis of the mandate and arrests. A, Property crime; B, violent
crime.

implementation. There is little evidence of declines in violent crime in the post-
implementation period.
Figure 3 explores heterogeneity in the treatment effect by gender and race.*

** The dependent variable in Figure 3 is the count of criminal incidents leading to an arrest in an
agency-age-month. Models are estimated via Poisson regression and are weighted using the esti-
mated age-race-gender population. All models include age, month-year, and agency-year fixed ef-
fects and controls for states’ dependent coverage mandates, county unemployment rates (main ef-
fect and interaction with treatment group), and state-year-bin unemployment rates. Standard errors
are clustered at the state level. Errors bars are 95 percent confidence intervals.
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Figure 3. Estimated effects of the mandate’s implementation on crime by race and gender.
A, Property crime; B, violent crime.

For property crime, there are larger effects among White males than among non-
White males, for whom there is no significant effect. Declines in property crime
are of a similar magnitude among White females and non-White females, but
only the former is statistically significant at conventional levels. These results are
consistent with previous findings that the DCM increased insurance coverage for
White young adults more than it did for Black or Hispanic young adults (Antwi,
Moriya, and Simon 2013; O’'Hara and Brault 2013; Breslau et al. 2018a).** Con-

* Other studies find a more equal distribution of insurance gains across ethnic groups due to the
DCM (Sommers et al. 2013; Kotagal et al. 2014; Shane and Ayyagari 2014).
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sistent with the overall results, there are no significant implementation effects for
violent crime arrests among any subgroup.

Figure 4 shows the results of event-study analyses of the effect of the DCM on
individuals’ part I offenses for property crimes and violent crimes.* The find-
ings suggest that the declines in property crime are driven largely by larcenies,
motor vehicle thefts, and burglaries. Postimplementation estimates for violent
crimes are, in the main, not statistically significant. The pattern of results from
the event-study analyses is consistent with a DCM-driven reduction in property
crime arrests.”

5.3. Sensitivity Tests

Table 3 explores the robustness of the findings to changing sampling and mod-
eling decisions. We reestimate the main specification without using weights, limit
agencies to those who serve populations of at least 20,000, omit states that had
already adopted a major health insurance reform or Medicaid expansion, and
limit or expand the posttreatment period. The estimates are qualitatively similar
to those reported above.*®

To further guard against concerns that the results reflect differential responses
to the great recession (beyond the extensive unemployment controls included in
the main specification), we collect data on the state-quarter house price index
from the Federal Housing Finance Agency and interact those values with the in-
dicator for the treatment group. As shown in column 7, the main findings hold.
In addition, the omission of the recession period from the sample (see Online
Appendix Table OA8) produces a qualitatively similar pattern of results.

We also attempt to disentangle the effects of the DCM from the opioid epi-
demic, which may have differential spillover effects on the treatment and control
groups. We use data on state-level opioid overdose deaths to measure the extent
of what the Centers for Disease Control and Prevention called “the worst drug
overdose epidemic” in US history (Ahmed 2013).* When we interact the state-

* Figure 4 presents event-study coefficients from the regression in equation (2) using data from
the NIBRS. The dependent variable is the count of criminal incidents leading to an arrest in an
agency-age-month. The estimated treatment effect (ATT) is for 22-25-year-olds during the imple-
mentation period. Errors bars are 95 percent confidence intervals. The vertical lines differentiate the
periods: pre-DCM (event time < 0), enactment (event time = 0), and postimplementation (event
time > 0). Statistical significance is indicated at the 10 percent (plus) and 1 percent (asterisks) levels.

* Table OA6 explores the robustness of our findings to the use of 30-32-year-olds and
33-35-year-olds as alternate control groups to minimize the possibility that the control group of
27-29-year-olds includes some who were treated when they were younger. The results show a quali-
tatively similar pattern to those obtained with the preferred control group.

* The results in Table OA7 show no evidence that the main findings change if the control group is
26-year-olds. Moreover, there is no evidence that the DCM affected arrests among 27-29-year-olds
relative to 26-year-olds.

¥ From the Centers for Disease Control and Prevention’s Multiple Cause of Death data set, we
gather data on opioid-related overdose deaths over the 2008-13 period. Overdose deaths involving
opioids are defined as drug overdose deaths with the following International Classification of Dis-
ease codes: T40.0 (opium), T40.1 (heroin), T40.2 (other opioids), T40.3 (methadone), T40.4 (other
synthetic narcotics), and T40.6 (other or unspecified narcotics).
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year opioid-involved mortality rate for individuals who are 30 and older with
an indicator for the treatment group (column 8) or drop the five states with the
highest mortality rates among those 30 and older (column 9), the findings are
largely unchanged from those of the preferred model in Table 2. These results are
consistent with recent evidence by Coupet et al. (2020) showing that the DCM
had no impact on young adults’ emergency room visits for prescription opioid
overdoses or opioid-related mortality.

6. Extensions
6.1. Treatment by Birth Year

Table 4 reports results with treatments based on birth cohort and include birth-
year fixed effects as controls. In this model, an individual would be treated (ex-
posed to the DCM) if he or she was born in May 1984 or later.” One advantage
of this approach is that it accounts for the possibility that crime among those who
were previously treated but aged out of the 27-29-year-old control group (that is,
those who were 27 years old in 2013) were affected with a lag. In the presence of
such a lagged crime effect, our prior estimates would be biased toward 0. On the
other hand, unless currently treated and prior treated individuals are permitted
their own treatment effects, the overall treatment effect gives equal weight to pre-
viously and concurrently treated individuals.

Column 1 of Table 4 shows that ever being exposed to the DCM is associated
with a 9.6 percent reduction in property crime, and there is a statistically insignif-
icant 4.5 percent reduction in violent crime in column 4. This result is consistent
with the hypothesis that the age-specific definition of treatment exposure results
in a downward bias (in absolute magnitude) in the crime-reducing effects of the
DCM.*

The remaining columns of Table 4 explore whether the effects of the DCM
on crime differ by length and timing of exposure to the DCM. It is possible that
longer eligibility under the DCM could have a different impact on crime. For
example, longer coverage by health insurance may make finishing educational
investments more likely (Dillender 2014; Colman and Dave 2018; Heim, Lurie,
and Simon 2018), which would make criminal activity less likely (Lochner 2004;
Lochner and Moretti 2004; Anderson 2014). To the extent that any investments
in noncriminal income relative to criminal income persist, individuals who are
exposed to the DCM but age out could potentially have lasting reductions in the
propensity to commit crimes.

* Since our data do not include exact dates of birth, we impute birth year by assuming that the
date of arrest is the arrestee’s birthday. We calculate the arrestee’s year of birth by subtracting age in
years from the year of arrest and assume that the arrestee’s month of birth is the same as the month
of arrest (for example, the birth cohort for 22-year-olds arrested in April 2010 is April 1988). A
person born in May 1984 would be 25 years and 11 months old in April 2010 (the start of the DCM
enactment period).

" The results are similar if the time period of the analysis is extended through 2019 (available
from the authors on request).
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To explore these possibilities, we interact the treatment exposure variable with
binary variables for the length of time that a birth cohort has been covered by the
DCM (0-1 years, 1-2 years, or 2 years or more) at a particular point in time in the
posttreatment period.*? For both types of crime, the size of the reduction in crim-
inal arrests increases with the length of coverage by the DCM.

We also separate treatment exposure in the posttreatment period into current
(22-25-year-olds) and previous (27-29-year-olds from birth cohorts that were
previously covered by the DCM) exposure variables, which are then interacted
with the length of time that the birth cohort has been covered by the DCM. Being
currently covered by the DCM after having been covered by it for longer periods
has larger effects on crime reduction. However, there is some evidence that pre-
vious exposure to the DCM has a (muted) impact, decreasing criminal activity
even after individuals age out of eligibility for coverage, especially when coverage
occurred for a longer duration.

Finally, in Table OA9, we reestimate the specifications in Table 4 but include
age-specific linear time trends, month-year fixed effects, and birth cohort fixed
effects as controls (with all of the other controls mentioned above). While the
identifying variation is much more limited in this specification, there is evidence
that the DCM is significantly negatively related to property crime, with larger
estimated marginal effects for those currently exposed than for those previously
exposed.

6.2. Geographic Variation

Next we explore whether declines in crime are greater in counties with larger
anticipated impacts from the DCM. To do this, we leverage cross-county varia-
tion in (pretreatment) 2009 uninsured rates among young adults ages 18-24 us-
ing data from the American Community Survey summary files.” We first interact
this continuous measure in the context of the NIBRS-based difference-in-differ-
ences model. The results in Table 5 show that counties with larger pre-DCM unin-
sured rates indeed have larger reductions in property crimes among 22-25-year-
olds relative to 27-29-year-olds, although the effect is less precisely estimated.
The estimate implies that a 10-percentage-point higher pre-DCM county-level
uninsured rate for young adults is associated with a 4.2 percent [exp (—.429 X
.1) — 1] decline in property crime arrests, slightly smaller than the estimates from
the preferred model in Table 2.

One concern with this identification strategy is that despite being close in age,

2 Birth cohorts with 1-12 months of exposure are included in the 0-1-year bin, those with 13-24
months of exposure are in the 1-2-years bin, and those with 25 months or more of exposure are in
the 2 years or more bin. As exposure length is time varying, it is not collinear with the birth cohort
fixed effects.

# These data are the most granular, publicly available source of insurance information about an
age group (18-24-year-olds) very similar to our treatment group (22-25-year-olds). However, these
data do not contain all counties in the United States. In results available from the authors on re-
quest, we find that using our preferred specification (equation [1]) for this restricted sample pro-
duces quantitatively similar estimates to those found in Table 2.
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Table 5

Poisson Difference-in-Difference-in-Differences Estimates

Property Violent

Crime Crime
Treat; X Enact, .000 —.002
(.065) (.140)
Treat; x Implement, .064 .048
(.066) (.046)
Treat; x Enact, x Uninsured Pre-DCM —.044 —.118
(:225) (.493)
Treat; x Implement, X Uninsured Pre-DCM —.429+ —.096
(.233) (.129)
Uninsured Pre-DCM mean 255 .256

N 824,845 661,437

Note. The dependent variable is the count of criminal incidents leading to
an arrest in an agency-age-month. Models are weighted using the estimated
age-specific agency population. All models include age, month-year, and
agency-year fixed effects and controls for state dependent coverage man-
dates, county unemployment rates (main effect and interaction with treatment
group), and state-year-bin unemployment rates. The remaining two-way inter-
actions are omitted for brevity. Standard errors are clustered at the state level.
The 2009 county-level uninsured rate is for those ages 18-24 from the Ameri-
can Community Survey summary files.
+ Statistically significant at the 10% level.

22-25-year-olds and 27-29-year-olds have insufficiently similar propensities for
criminal behavior for the latter to be a credible control group for the former.
Moreover, if the DCM affects living arrangements and household resources, there
could be spillover effects of the DCM on older individuals who might live in the
household with directly impacted individuals. To explore the sensitivity of our
findings for young adults to our identification strategy, test for spillover effects
on older individuals, and allow for greater geographic external validity, we turn
to the UCR data and the alternative identification strategy based on equation (3).

Table 6 reports these results. First, there is no evidence that pre-DCM county-
level uninsured rates (which capture a jurisdiction-level sample) are associated
with significant changes in arrest rates among all individuals. This suggests that if
there are spillover effects on older (or younger) individuals, they are likely small.
Evidence of statistically significant effects of the DCM on property crime arrests is
only among 22-24-year-olds. This finding, based on a very different identification
strategy than our main approach, nonetheless confirms the NIBRS-based results
and adds substantial credibility to our finding about the policy.* The estimate
implies that a 10-percentage-point higher pre-DCM county-level uninsured rate
for young adults is associated with a 3.6 percent [exp (—.369 x .1) — 1] decline

* Figure OA1 shows the results of an event-study analysis that decomposes the treatment effect
over time (using the full distribution of county unemployment rates, following Schmidheiny and
Siegloch [2019]). This exercise generally supports the property-crime-reducing effect for those ages
22-24. For violent offenses, there is stronger evidence of a pretreatment trend, which provides little
evidence of a violent-crime-reducing effect of the DCM.
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Table 6
Testing for Spillover Effects

Ages 25 and
All Ages Ages 19-21  Ages 22-24 Older
Property crime:
Enact, X Uninsured Pre-DCM .065 .068 —.137 —.002
(.202) (.144) (.262) (.224)
Implement, x Uninsured Pre-DCM —.190 —.015 —.369* —.244
(.200) (.129) (.160) (.206)
Uninsured Pre-DCM mean .290 284 291 289
N 8,794,386 921,292 870,435 3,368,530
Violent crime:
Enact, X Uninsured Pre-DCM —.140 —.167 —.211 —.437+
(.194) (.300) (.361) (.255)
Implement, X Uninsured Pre-DCM —.172 —.317+ —.620+ —.432
(.241) (.191) (.324) (.275)
Uninsured Pre-DCM mean 291 .289 296 290
N 7,673,894 622,591 596,141 2,861,327

Note. The dependent variable is the count of criminal arrests in an agency-bin-month. Models are
estimated via Poisson regression and are weighted using the estimated age-specific agency popula-
tion. All models include age, month-year, and agency-month fixed effects and controls for state de-
pendent coverage mandates, county unemployment rates, and state-year-bin unemployment rates
(and interactions with the 2009 county-level uninsured rate for young adults). The uninsured rate for
18-24-year-olds in 2009 is from American Community Survey summary files. Arrest counts by year
are available for ages 15-24 in the Uniform Crime Reports; thereafter, arrest counts are available only
in 5-year age bins (25-29, 30-34, and so on, to 60-64 and then 65 and older). Hence, the 22-25-year-
old treatment group cannot be isolated. Standard errors are clustered at the state level.

+ Statistically significant at the 10% level.

* Statistically significant at the 5% level.

in property crime arrests among 22-24-year-olds, similar to the triple-differences
finding in Table 5. There is little evidence that the DCM affected property crime
arrests among those 25 and older, which suggests that spillover effects are likely
small. There is also no evidence of property crime effects for 19-21-year-olds,
though the policy conclusion for this group is mixed (see column 4 of Online Ap-
pendix Table OA6).

While the results on violent crime arrests suggest some evidence of a DCM-
induced decline for those ages 22-24, the effect for those 25 and older is of com-
parable magnitude (which is at least somewhat unlikely). The event-study anal-
yses suggest that the result for property crime arrests is much more likely to be
causal in nature (see Online Appendix Figure OA1). Thus, we conservatively
conclude that the DCM is likely most effective at curbing young adults” property
crime.

6.3. Plausible Mechanisms

Table 7 presents estimates of the effects on several mechanisms through which
the DCM may have plausibly reduced arrests. We first present estimates of the
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effect of the DCM on the probability of a 22-25-year-old having any source of
health insurance coverage and having dependent coverage.” Consistent with pre-
vious work (Sommers and Kronick 2012; Cantor et al. 2012b; Antwi, Moriya, and
Simon 2013; Sommers et al. 2013; O’Hara and Brault 2013; Kotagal et al. 2014;
Chua and Sommers 2014; Shane and Ayyagari 2014; Barbaresco, Courteman-
che, and Qi 2015; Thamb, Dave, and Colman 2015; Scott et al. 2015a, 2015b; Wal-
lace and Sommers 2015), we find that the DCM increased insurance coverage by
1.3 percentage points (2 percent) during the enactment period and 5.6 percent-
age points (8.6 percent) during the postimplementation period (column 1). The
DCM-induced increases in dependent coverage are, as expected, larger in both
the enactment and postimplementation periods, at 17.2 percent and 97.5 percent,
respectively.* These findings can be viewed as a necessary first stage for the DCM
to impact crime, but we caution against the simple interpretation that increases
in coverage directly affect criminal activity. As shown in the following analyses,
many indirect channels that likely stem from this base change in insurance are
active, which makes the net effect of the DCM on crime a conglomeration of
multiple intermediate impacts.

Table 7 also examines the impact of the DCM on OOP medical expenditures
using MEPS data.”” Because MEPS data are not available at the subyear level, we
omit 2010 and focus on comparisons in the pre-2010 and post-2010 periods.*
The DCM is associated with a reduction in average OOP health-care costs of
about a $118 per year, driven by a 60 percent reduction in the probability of OOP
expenditures greater than $2,000. Preventing large negative income shocks may
be a mechanism through which the DCM reduces property crime (Cortés, San-
tamaria, and Vargas 2016; Bignon, Caroli, and Galbiati 2017; Watson, Guettabi,
and Reimer 2020).

Columns 5 and 6 use NHIS monthly data to study the impact of the DCM on

> The variable Health Insurance equals one if the respondent has employer-provided health in-
surance (in his or her own name or under someone else’s plan), individually purchased coverage (in
his or her own name and as a dependent), insurance through the Department of Veterans Affairs or
the Department of Defense, Medicaid, Medicare, or other private coverage and zero otherwise. Fol-
lowing Antwi, Moriya, and Simon (2013), Dependent Health Insurance equals one if the respondent
has employer-provided health insurance through someone other than a spouse and zero otherwise.
Further following Antwi, Moriya, and Simon (2013), we restrict the sample to the fourth reference
month in the Survey of Income and Program Participation (SIPP) to reduce recall bias. However,
using all months of the SIPP produces a similar pattern of results.

* We also explore pretreatment trends and postpolicy effects for health insurance coverage using
the event-study framework of equation (2). Results for any coverage and dependent coverage are
shown in Figure OA2. Reassuringly, there are no significant pretreatment trends for any coverage or
dependent coverage. Following enactment, there is a positive and significant increase in having any
kind of coverage. Dependent coverage follows a similar postenactment pattern.

¥ The variable OOP in the Medical Expenditure Panel Survey (MEPS) is calculated as the sum of
direct payments made by the person or the person’s family for the individual’s health care during
the year. The indicator OOP > $2,000 equals one if the respondent had OOP health care spending
greater than $2,000 (in 2009 dollars) during the calendar year and zero otherwise.

* The MEPS employs an overlapping panel design, with each panel interviewed five times over a
roughly 2-year period, which yields annual data for 2 calendar years.
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access to medical care and prescription drugs.” The results show that implemen-
tation of the DCM increased the probability that a 22-25-year-old visited a health
professional in the prior 2 weeks by 2.0 percentage points (19 percent). The effect
was 2.5 times greater in the postimplementation period than in the enactment
period, consistent with health insurance effects observed in the SIPP. While there
is some evidence that the DCM was negatively related to the probability that the
respondent needed but could not afford prescription medication, this effect is
not statistically distinguishable from 0. Moreover, there is little evidence that the
DCM had a significant impact on psychological well-being, as measured by the
Kessler 6 scale (column 7).°

Next we provide evidence that the DCM changed household living arrange-
ments. Using data from the SIPP, we find strong evidence that the DCM was as-
sociated with an increase of 3.3-6.5 percentage points (8.4-16.5 percent) in the
likelihood that a 22-25-year-old lived with his or her parents.” This finding is
consistent with Chatterji, Liu, and Yoriik (2022). Moreover according to SIPP
data, implementation of the DCM was associated with a 1.3-percentage-point
(11.3 percent) reduction in the likelihood that a 22-25-year-old received benefits
from the Supplemental Nutrition Assistance Program, consistent with increased
access to family resources via changes in living arrangements.” This pattern of re-
sults suggests that change in household composition that led to increased paren-
tal monitoring and greater financial security may be important channels through
which the DCM reduced crime.

Table 7 shows that the DCM is associated with a 3.3-percentage-point (15.4
percent) increase in the likelihood that a 22-25-year-old is a full-time student.”
Incapacitation and human-capital-related channels could also be important in
explaining DCM-induced reductions in crime (Lochner and Moretti 2004; An-
derson 2014).>*

However, in contrast to the results for education, the employment effects of the
DCM may increase the likelihood of crime. Table 7 shows that the implemen-

* The binary variable Visit Health Professional indicates whether the respondent had an office
visit to a health professional in the previous 2 weeks. The binary variable Cannot Afford Prescription
indicates whether the respondent needed but could not afford prescription medicines in the previ-
ous 12 months.

% The Kessler 6 scale is composed of six questions that assess mental health over the previous
30 days. Respondents are asked to answer on a Likert scale from 0 to 4 how often they felt certain
ways (sad, nervous, restless or fidgety, hopeless, everything an effort, and worthless), with 0 meaning
none of the time and 4 meaning all of the time. The scores to each question are summed, and the
variable K6 Screening equals one if this sum is greater than 12 and zero otherwise.

*! The variable Live with Parents is created using the household roster. It equals one if the respon-
dent lived with at least one parent in the current month and zero otherwise.

52 The variable SNAP Benefits equals one if the respondent received benefits from the Supplemen-
tal Nutrition Assistance Program in the current month and zero otherwise.

53 The variable Full-Time Student is an indicator that equals one if the respondent was enrolled
full-time in school during any of the months of the 4-month sample wave.

>t Table OA10 provides evidence of larger DCM-induced increases in the probabilities of having
dependent health insurance coverage, living with parents, and full-time student status for Whites
compared with non-Whites, which is consistent with the larger impacts for property crime arrests
for these groups in Figure 2.
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tation of the DCM is associated with a statistically insignificant 1.4-percentage-
point (2 percent) decline in any employment and a statistically significant
2.8-percentage-point (5.9 percent) decline in full-time employment.* These find-
ings are generally consistent with studies using data from the SIPP and the Cur-
rent Population Survey (Antwi, Moriya, and Simon 2013; Hahn and Yang 2016)
but contrast with a recent analysis using tax records (Heim, Lurie, and Simon
2018). Finally, we use TEDS data to estimate the relationship between the DCM
and admissions for SUD treatment.’>*” Implementation of the DCM is associated
with a 9.3 percent decline in admissions for SUD treatment (.748 fewer per 1,000
people). This finding, consistent with Saloner et al. (2018), could reflect declines
in substance abuse among affected young adults or perhaps substitution toward
treatment in nonadmission settings. Together, the findings in Table 7 point to a
number of credible channels through which the DCM may have reduced crime
among young adults.

6.4. Comparison of Estimated Effects with Other Literature

This study provides the first estimates of the impact of private health insurance
expansions on crime. How large are the estimated effects and how might they be
compared with the existing literature on public health insurance? Our estimates
show that the federal DCM increased dependent coverage among young adults
by about 11.9 percentage points, which translates to an additional 2.03 million
22-25-year-olds having dependent coverage. The range of our estimated imple-
mentation effects on crime (including from the geography-based specification in
Section 6.2) translate to about 47,000-65,000 crimes averted by the DCM. Note
that these figures likely overstate the number of criminal offenders deterred by
the DCM because many arrestees are recidivists.™

These estimates can be used to compute an elasticity of crime with respect to
dependent coverage, which allows comparisons with existing literature on the
effects on crime of the ACA’s Medicaid expansion. We caution, however, that
many channels beyond direct effects of dependent health insurance coverage can
explain our findings. Therefore, both because of indirect channels and our inabil-
ity to adjust for recidivism in the NIBRS data, our estimated elasticities should

 The indicator variable Employed equals one if the young adult had a job for at least 1 week
during the reference month.

* In the Treatment Episode Data Set (TEDS), each observation is a record of an admission for
SUD treatment. We collapse the data to the state-year-bin level to compile state-year counts of ad-
missions for SUD treatment by age group. State-year-bin population data are then merged in to cre-
ate a SUD admissions rate variable. An important drawback of TEDS is that admissions are available
only by age bins (for example, 18-20, 21-24, 25-29, 30-34, and so on). We define 21-24-year-olds
as the treatment group and 30-34-year-olds as the control group, although we recognize the limita-
tions of such coding.

7 Admissions data are collected at the annual level in TEDS. With the DCM being implemented
in 2010, we omit that year from the sample.

*8 For example, Durose, Cooper, and Snyder (2014) find that approximately 76 percent of arrest-
ees ages 18-24 are rearrested within 3 years, and 84 percent are rearrested within 5 years.
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be considered upper-bound estimates of the effect of dependent health insurance
coverage on crime.

With these caveats in mind, we find that our estimates imply an elasticity of
property crime with respect to dependent health insurance coverage of —.06. By
comparison, using the estimated effect of Medicaid expansion on violent crime
of —5.3 percent in Vogler (2020) and the estimated effect of Medicaid expansion
on Medicaid enrollment of 24 percent in Kaestner et al. (2017) yields an elastic-
ity of crime with respect to public health insurance coverage of about —.22. Our
results suggest that expansions of private dependent insurance coverage among
young adults produces smaller reductions in crime than Medicaid expansions to
near-poverty households. Our estimated elasticity is also smaller in magnitude
than the elasticity of (cost-adjusted) crime to expansions of the police force of
—.21 to —.47 (Chalfin and McCrary 2017; Evans and Owens 2007).

7. Conclusion

An important efficiency rationale for enacting the Affordable Care Act’'s DCM
was to increase health insurance coverage among a healthy, often uninsured pop-
ulation to ameliorate social welfare losses due to adverse selection. However,
there may have been other important gains in efficiency if increased health insur-
ance coverage among young adults generated positive externalities. This study is
the first to explore whether the DCM generated spillover effects on crime. Given
the important effects of the DCM on living arrangements, financial resources,
and access to health care services—and that the DCM targets an age demographic
responsible for a disproportionate share of criminal arrests—the externality ef-
fects from crime may be important for a full cost-benefit analysis of the DCM.

Using data from the 2008-13 NIBRS and a difference-in-differences approach,
we find that the DCM is associated with a 2-5 percent decline in property crime
among 22-25-year-olds. These estimates imply an elasticity that is a quarter to an
eighth of the magnitude of the benefits in crime reduction from increasing the
size of the police force (Chalfin and McCrary 2017; Evans and Owens 2007), a
policy that explicitly targeted crime. These findings suggest that health insurance
has the potential to decrease crime (at least for certain populations) as an added
benefit to its primary goal, though effects in our context are smaller than for ma-
jor anticrime interventions.”

Our findings suggest that the DCM led to reductions in young adults’ arrests
for property crimes, but we found less evidence of an effect on violent crime. The
nature of the policy may explain these results, as the motivations for perpetrat-
ing property and violent crimes likely differ. To the extent that the policy affects
more permanent situations (that is, living modality, school enrollment, economic
well-being), including financial health, a larger effect of the DCM on property
crime might be expected, given that violent crime may be more affected by situ-

** Another example of a health policy with this characteristic is the Supplemental Nutrition Assis-
tance Program (Carr and Packham 2019).
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ational circumstances such as stress or weather (Chalfin, Danagoulian, and Deza
2019).

Our main analysis estimates the reduction in criminal activity due to the DCM,
allowing for straightforward comparisons with the DCM’s effects on potential
mechanisms. Nonetheless, our main results do not account for substantial het-
erogeneity in the social costs of different types of crime, which may be desirable
in assessing policy relevance. However, the treatment effects obtained from the
event-study analyses shown in Figure 3 do allow us to estimate offense-specific
social benefits from crime reduction. To account for these differences, we use es-
timates of the social costs of crime from McCollister, French, and Fang (2010) for
burglary, larceny, and motor vehicle theft. Back-of-the-envelope calculations sug-
gest that this reduction corresponds to an annual reduction in social costs of ap-
proximately $371-$512 million per year (in 2020 dollars).®® These estimates sug-
gest a more modest reduction in crime from the DCM than from ACA Medicaid
expansions. Vogler (2020) estimates that Medicaid expansions were associated
with a 5.3 percent reduction in violent crime, saving expanding states roughly
$4 billion per year. Vogler and Barkowski (2020) find larger savings in the cost
of crime from ACA-based Medicaid expansions of about $10.5 billion per year.

While the total social benefits from crime reductions from the DCM are smaller
in magnitude, it is important to recognize that the DCM and the ACA’s Medicaid
expansions targeted different populations and resulted in enrollment effects of
vastly different magnitudes. Courtemanche et al. (2017) estimate that the ACA’s
Medicaid expansions increased insurance coverage by 3.1 percentage points for
the nonelderly adult population, an increase of roughly 5.8 million people (.031
x 185.7 million US residents ages 19-64 in 2013). The DCM was much smaller
in scope, reducing the number of uninsured young adults by 938,000 (Antwi,
Moriya, and Simon 2013). Thus, using our lower-bound estimates, we calcu-
late that the DCM saved approximately $396 in the costs of crime per newly in-
sured person per year. The ACA’s Medicaid expansions yielded a crime-related
cost savings between $690 and $1,810 per newly insured person per year, which

% We use 2009 data for age-specific arrests from Federal Bureau of Investigation (2020, table 38)
and for aggregate crime from Federal Bureau of Investigation (2020, table 1) to estimate total crimes
for those 22-25 (the aggregate crime counts for prior years are often updated, which is why we use
the aggregate crime entry for 2009 from the latest report). While Federal Bureau of Investigation
(2020, table 38) provides data on arrests for 22-24-year-olds and 25-29-year-olds, we use 2009 NI-
BRS data to estimate the share of arrests among 25-29-year-olds that involved 25-year-olds to calcu-
late the share of arrests for 22-25-year-olds. Taking the aggregate totals in 2009 for larceny, burglary,
and motor vehicle theft and then multiplying by the respective shares of arrests for 22-25-year-olds
yields 739,739 larcenies, 279,179 burglaries, and 103,880 motor vehicle thefts committed by 22-year-
olds. The estimated per-crime costs (in 2020 dollars) are calculated using estimates from McCollis-
ter, French, and Fang (2010): $4,309 for larceny, $7,884 for burglary, and $13,142 for motor vehicle
theft. We then use the marginal effects obtained in the implementation period, coupled with per-
crime costs for each part I crime (McCollister, French, and Fang 2010), to generate estimates of the
social benefits of reductions in crime. The $512 million figure is based on $140 million in cost sav-
ings from larceny, $126 million from burglary, and $245 million from motor vehicle theft. Excluding
larcenies (significant at the 15 percent level) would yield cost savings of $371 million.
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means that the crime-reduction benefits of the DCM and the ACA were much
closer in magnitude.

Moreover, the cost of implementation was not the same for the DCM and
Medicaid expansions. The ACA Medicaid expansion operated through an in-
crease in government spending, estimated by Wolfe, Rennie, and Trufter (2017)
to be $6,365 per enrollee (in 2015). In contrast, Depew and Bailey (2015) esti-
mate the average additional cost of adding one dependent to a family health in-
surance plan under the DCM to be $211.41, which gives the DCM an estimated
benefit-cost ratio (solely with regard to crime reduction) of approximately 1.87
(396/211.41), compared with .28 (1,810/6,365) using the more generous esti-
mates from Medicaid expansions (He and Barkowski 2020). We conclude that by
targeting a younger and healthier population using a policy with relatively lower
marginal premiums, the DCM generated important social benefits in crime re-
duction at a relatively modest cost.
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