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Abstract 
 
We study the relationship between opioid use and child well-being. We combine data 

on legal opioid prescriptions, opioid-related emergency department visits, and opioid-
involved mortality with foster care entrance records and child maltreatment reports. We 
find that increases in opioid-related mortality and emergency department visits are 
associated with increased foster care entry, particularly among young children. We find no 
significant relationship between legal opioid distribution quantities and home removals. 
Finally, we examine the relationship between opioid-related public policies and child 
welfare outcomes, finding mixed relationships between various policies and removal from 
the home. (JEL J13, J18, I12, I18) 
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I INTRODUCTION 

Prescription opioid pain relievers are effective therapies, and use of prescription 

opioid medications has increased greatly in the U.S. since the 1990s. These drugs are 

highly addictive, however, which can lead to dependence and abuse. Indeed, deaths due 

to drug overdose have more than doubled between 2000 and 2014 (Rudd et al., 2016), 

exceeding deaths from motor vehicle accidents and firearms since 2009 (Paulozzi, 2012), 

driven largely by overdose deaths from prescription opioid pain relievers (CDC, 2016). 

Although the literature on opioid users is growing, whether and how children are 

affected by the increases in opioid use and misuse is not as understood. Direct exposure 

to opioids among children has been documented through increases in the past decade in 

the incidence of neonatal abstinence syndrome (NAS) (Brown et al., 2016; Patrick et al., 

2012) and child hospitalizations due to opioid poisoning (Gaither et al., 2016). But 

children may experience indirect effects of opioid abuse without ingesting the drugs. Feder 

et al. (2018) estimate about 820,000 adults with opioid use disorder live with at least one 

child, and fewer than one-third of these adults received substance use treatment. Bullinger 

and Wing (2019) find opioid dependency has increased among adults living with children. 

Specifically, between 2002 and 2017, the number of children living with an adult with 

opioid use disorder increased by 30 percent. The number living with an adult using heroin 

increased by 200 percent. The Administration for Children and Families (ACF) also notes 

that between 2011 and 2016 the percent of children entering the foster care system as a 

result of parental drug abuse increased from 23 to 34 percent (HHS, 2017), and these 

children were more likely to be 5 years old or younger (Meinhofer & Angleró-Díaz, 2019). 

Further, according to 2016 rates, 1.1 percent of U.S. children will have both parents’ rights 

legally terminated by age 18 (Wildeman et al., 2019). This number is a 60 percent increase 

from 2010. Together, these findings imply that the drastic increase in rates of opioid 

misuse and abuse since 2000 likely had an impact on child welfare.  

Increases in rates of opioid overdose certainly have the capacity to negatively affect 
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children if caregivers are among those abusing the drugs. History has shown that 

crackdowns on the production of illicit methamphetamine led to reductions in the number 

of foster care cases and in rates of child neglect and abuse (Cunningham and Finlay, 

2013). However, it is unclear what relationship we should expect a priori between child 

well-being and general opioid use. Unlike illicitly manufactured methamphetamine, 

prescription opioids are widely used for a legitimate medical purpose: they manage pain, 

which may improve a parent’s ability to care for a child. The addictive nature of these 

drugs, however, may lead to substandard parenting or even the death of a caregiver. 

Research has uncovered evidence suggesting that decreases in opioid prescribing (Ray et 

al., 2017) and an intervention to prevent the abuse of the prescription opioid Oxy-Contin 

(Alpert et al., 2018; Evans et al., 2018) have had the unintended consequence of increasing 

rates of abuse of illegal drugs like heroin and illicitly manufactured fentanyl. Furthermore, 

the opioid epidemic has affected a different demographic than have other addiction 

epidemics (Ho, 2017; Hollingsworth et al., 2017; Martins et al., 2017). Opioid abuse 

patterns may then have different implications for children than do other types of 

substance abuse. 

Recent evidence implies there are negative indirect effects of opioid use on children. 

By linking birth records, hospital discharge data, and Child Protective Services (CPS) 

records in California, Prindle et al. (2018) find that 61 percent of infants born with 

prenatal substance exposure were reported to CPS before their first birthday. Wolf et al. 

(2016) find a positive relationship between hospital discharges involving prescription 

opioid overdoses and hospital discharges for child maltreatment and child injury in 

California. Using county-level data from Florida (Quast et al., 2018) and California 

(Quast et al., 2019), studies have shown positive relationships between legal opioid 

prescription distribution and child removal from homes, though there is no relationship 

before 2015 in California (Quast et al., 2019). When using data from all states, however, 

Quast (2018) finds an inconsistent relationship between legal opioid prescriptions and 
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foster care entrance. Ghertner et al. (2018) use more extreme measures of opioid use such 

as fatal overdoses and drug-related hospitalizations and also find positive relationships 

with child maltreatment and home removal. Finally, Gihleb et al. (2019) examine the effect 

of mandatory prescription drug monitoring programs (PDMPs) on foster care entrance, 

finding that these programs reduced removals from the home by about 10 percent. 

Understanding the relationship between child well-being and opioid use presents a 

methodological challenge. What is the best way to accurately reflect the nature of “opioid 

use” in the past two decades?  Survey data on any type of substance use are known to 

suffer from social desirability bias, for example. Opioid prescription data fail to measure 

consumption of illegal opioids, which in recent years has been associated with a sharply 

increasing proportion of all overdose deaths (Scholl et al., 2019). Meanwhile, data 

characterizing overdoses such as overdose deaths or hospitalizations only capture the 

negative consequences of opioid addiction. It is not clear which data most accurately 

represent the experience of an average opioid user. 

In light of these methodological issues, we attempt to comprehensively study the 

relationship between opioid use and child well-being using several data sources. Our 

measures include child maltreatment reports from California, nationwide records of foster 

care entrance, retail prescription opioid distribution data, opioid-related emergency 

department visits, and records of opioid-involved mortality. Finally, states have 

implemented a variety of opioid-related policies imposing barriers to the misuse of opioids, 

including prescription drug monitoring programs (PDMPs), which have reduced opioid 

prescribing (Buchmueller and Carey, 2018; Grecu et al., 2019; Kilby, 2015). We use this 

variation in state-level policies to examine the relationship between these policies and 

foster care entrance. 

Our study builds on previous literature by using data at both state and county 

levels. Our analysis adjusts for time-varying characteristics such as macroeconomic 

conditions, access to medical care, changes in child welfare policies, sociodemographic 
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composition, social safety net program participation, time-invariant differences across 

localities, temporal changes that occur nationwide, and underlying secular trends specific 

to each geographic area. We also account for changes in opioid use due to several state 

policies. 

Results suggest that measures that reflect the human costs of the opioid epidemic—

opioid-related emergency department visits and opioid-involved mortality—are 

associated with higher rates of foster care entrance, demonstrating how the opioid 

epidemic has had indirect and devastating effects on children. In contrast, we find no 

significant relationship between legal opioid distribution and foster care entrance. In 

studying state policies, when using certain specifications we find that the introduction 

of mandatory access PDMPs—which require physicians to consult the PDMP before 

prescribing opioids—are associated with reductions in foster care entrance, but less robust 

PDMPs show no significant effects regardless of specification. However, the observed 

relationship between PDMPs and foster care entrance is sensitive to changes among the 

types of PDMP policies considered, the source used for identifying PDMP 

implementation dates, and the functional form used. Other opioid-related policies show 

mixed results for foster care entrance; while naloxone access laws are associated with 

decreases in foster care entrances that are attributed to neglect, pain clinic laws are 

associated with increases in foster care entrances overall. In sum, our results suggest that 

although opioids may improve the ability of caregivers to tend to children, opioid abuse 

has serious consequences for children. Certain programs and policies that reduce 

inappropriate use of opioids may have spillovers to children. 

 

II DATA 

Accurately characterizing both opioid use and child well-being with just one measure 

likely fails to capture the whole story. We combine data from a variety of sources to 

construct state- and county-level panel datasets. Not all data are available at the same 
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geographic level for the same time period nor do they have the same geographic coverage, 

so we merge each measure of child well-being with each measure of opioid use separately. 

 

II.A Measures of Child Well-Being 

II.A.1. Foster Care Entrance 

The Administration for Children and Families (ACF) administers the Adoption 

and Foster Care Analysis and Reporting System (AFCARS), which provides case-level 

data on every child in the foster care system. Since we are concerned with how changes 

in opioid use affect the flow of children into the foster care system and the demand on 

the system, we restrict the sample to children entering the foster care system, rather than 

the total number of children in the foster care system during the time period. Children 

can experience multiple episodes of home removal. We allow for multiple episodes, treating 

each case separately. We construct a foster-care entrance rate for each state from 2003 to 

2015, where the numerator is the total number of entrances in a state during a particular 

quarter-year and the denominator is the number of children in the state. We also separate 

by age using four different age groups and create rates for each of the following specific 

reasons for removal, which are presumably reasons that could be related to opioid use: 

parental substance abuse, neglect, and parental death.1 

 

II.A.2. Child Maltreatment 

Child maltreatment reports come from the California Child Welfare Indicators 

Project (CCWIP) (Webster et al., 2016).2 These data include the number of child 

 
1 The reasons for removal are provided by AFCARS; we did not categorize them ourselves. 
2 The National Child Abuse and Neglect Data System (NCANDS) consists of child-level maltreatment 
reports nationwide. However, geographic identifiers are suppressed for counties with fewer than 1,000 
reports. The remaining counties then tend to be large, urban counties. This is problematic for a study on 
opioids, as research has shown the opioid crisis has taken different forms in rural areas than in urban areas 
(Paulozzi and Xi, 2008). The benefit of using a state-specific system is (1) greater geographic 
coverage, including rural areas, as CCWIP does not suppress any counties, and (2) avoiding 
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maltreatment allegations in each county and year from 2002-2015, by maltreatment type, 

and by age of the alleged victim. Children may receive more than one report, and each 

report can contain multiple allegations of child maltreatment. Thus, there may be 

duplicate child counts. We construct a total report rate, which is the total number of 

reports made to the California Department of Social Services (CDSS) in a particular 

county-year scaled by the number of children in the county. As neglect has become a 

“catch all” category for many substance abuse cases, we also separate total maltreatment 

rates by type of maltreatment (severe neglect, general neglect, physical abuse, at-risk of 

maltreatment (sibling abused), and caretaker absence or inability).3  

 

II.B Measures of Opioid Use 

II.B.1. Retail Opioid Distribution 

To track changes in the quantity of legal opioids purchased, we use data gathered 

between 2002 and 2015 by the US Drug Enforcement Administration’s Automation of 

Reports and Consolidated Orders System (ARCOS). The ARCOS database tracks the 

quarterly quantity of certain drugs distributed to retailers—including pharmacies as well 

as hospitals and practitioners—in each ZIP3 (a cluster of ZIP codes that share the same 

three-digit prefix). In particular, we consider the quantities distributed for each of seven 

of the most commonly prescribed opioid analgesics: codeine, fentanyl, hydrocodone, 

hydromorphone, meperidine, morphine, and oxycodone. For the purposes of our analysis 

we exclude methadone and buprenorphine, two types of opioids that are used in the 

treatment of substance use disorders. Since different opioid types have differing levels of 

per-milligram potency, we convert the distributed quantity of each drug in grams into a 

 
concerns about multi-state data. Primarily, states differ in how they define maltreatment, who is required 
to report it, how they record and respond to reports of maltreatment, and the standards for substantiating 
allegations of maltreatment.  
3 The types of maltreatment are provided by the CCWIP; we did not categorize them ourselves.  
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morphine-equivalent quantity, using multipliers that have been established in the medical 

literature (Gammaitoni et al., 2003; Paulozzi et al., 2011), and sum across all opioid types 

to generate an aggregate quantity.4 We also use a population-weighted crosswalk to 

convert ARCOS ZIP3 drug quantities into county-level totals to facilitate our analysis of 

child maltreatment data gathered at the county level.5 Finally, we scale drug quantities 

by population estimates from the National Center for Health Statistics to obtain a per 

capita measure. 

 

II.B.2. Opioid-Related Emergency Department Visits 

Though the ARCOS data quantify the supply of legal opioids in circulation, they 

do not necessarily provide an appropriate measure of the scope of the opioid epidemic’s 

public health threat. One way in which we capture opioid misuse and abuse is by 

measuring the rate of opioid-related emergency department (ED) visits per capita, which 

comes from the Agency for Healthcare Research and Quality (AHRQ) Healthcare Cost 

and Utilization Project (HCUP) State Emergency Department Databases (SEDD), 

available through HCUP FastStats. These data are derived from uniform medical 

 
4 Here for simplicity’s sake we work with morphine-gram-equivalent amounts of opioids; most other related 
literature instead works with morphine milligram equivalents (“MME”). Our own MGE numbers can be 
compared with others that instead use MME by performing a simple unit conversion of 1,000 milligrams 
per gram. 
5 Since we are not aware that any ZIP3-to-county crosswalk exists, we instead use the following process. 
We begin with existing census data which specifies the population of each ZIP5-county intersection for both 
2000 and 2010. We then match each 5-digit ZIP code to its corresponding ZIP3 (by 3-digit prefix). This 
gives us an implied population for each ZIP3-county intersection, from which we compute the implied 
proportion of the total residents in each ZIP3 that live in each county. We then linearly 
interpolate/extrapolate these implied proportions for all other years besides 2000 and 2010, constraining 
the proportions to be between 0 and 1 in each period. For any ZIP3 that is split into two or more counties, 
we distribute the total drug measure for that ZIP3 in any given period into those counties according to 
these implied proportions. It should be noted that the mapping of the ARCOS ZIP3 drug data to patients’ 
counties of residence would still be imprecise even if a full set of population crosswalks were available, since 
the ARCOS data records the location of the retailer that took delivery of the drugs, rather than the address 
of the individual who ultimately purchased the drugs. 
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billings at the ED visit level but are limited to visits that did not result in an inpatient 

stay for patients treated in community hospital-owned EDs. We count each visit 

separately, meaning the same person may be counted more than once if the individual 

visits the ED multiple times per year. Since we are interested in the parent and caretaker 

population, we limit to visits among individuals aged 25-44.6 Not all states are included 

in the data; 32 states are included, and among those states, each state is in the data for 

various years. We opt for increased data rather than a balanced panel, leaving us with 

1,109 state-quarter observations. Appendix Table 1 indicates the years in which each 

state was included.7  

 

II.B.3. Opioid-Involved Mortality 

Raw data on drug mortality come from National Center for Health Statistics Vital 

Statistics Multiple Cause-of-Death files, which represent information gathered from death 

certificates. However, because of underreporting of deaths that are specifically related to 

opioids (see Ruhm, 2017; 2018), and in light of evidence that opioid addiction has led to 

increased use of illicit drugs such as heroin (Alpert et al., 2018; Wildeman et al., 2019), we 

follow Ruhm (2018) and consider deaths that involved opioids in some way, rather than 

only considering those deaths which were specifically attributed to opioids on the death 

certificate. We consider age-adjusted rates of deaths in the state-level analyses, and crude 

drug-induced death rates in the county-level analyses (both are available from CDC 

Wonder). Sensitivity checks suggest this difference is inconsequential. 

 

II.B.4. Opioid-Related Policies 

 
6 In sensitivity checks, we use an alternative age group: adults aged 45-64. 
7 Because not all states have ED data available for all years, there is a possibility of selection bias if, for 
example, state-years with ED data have patterns of opioid prescribing that differ from those in state-years 
that lack ED data. A comparison of these trends in the ARCOS data shows that they are in fact quite 
similar across the two groups. 
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To capture variation in ease of access to legal opioids for misuse or abuse, we consider 

state-level public policies that limit inappropriate access to prescription opioids. One 

policy approach that states have adopted to reduce the problems of over-prescribing and 

diversion of prescription opioids into the black market is the implementation of 

prescription drug monitoring programs (PDMPs). PDMPs provide practitioners and/or 

pharmacists with a central database of patients’ prescription histories. This system is 

designed to prevent patients with opioid addictions or dependencies from being able to 

“doctor shop,” that is, attempt to improperly acquire pharmaceutical opioids from 

multiple sources. Many states instituted or strengthened PDMPs during our sample 

period. Therefore, we also examine how states’ foster care entrance rates are associated 

with presence of either a state PDMP or strong requirements that practitioners consult 

the PDMP before prescribing opioids. 

As of July 2020, all US states except for Missouri have put a PDMP into operation. 

However, only a fraction of all states have implemented a mandate requiring that 

practitioners consult the PDMP before issuing a prescription. In these states, the state’s 

licensing board—made up of medical professionals or pharmacists—can impose 

disciplinary actions on a provider for inappropriately prescribing opioids in violation of 

the mandated PDMP protocol. Recent research indicates that these mandatory, or “must-

access,” PDMP policies—but not simply the creation of a PDMP alone—reduce rates 

of prescription opioid misuse and abuse (Buchmueller and Carey, 2018; Grecu et al., 

2019).8 

In light of this evidence, we include two indicator variables: one for the presence of 

any electronic PDMP and one for the additional presence of a mandatory access PDMP; 

the coefficient estimates on these individual policy indicator variables in our regressions 

are additive. In constructing these indicator variables, we follow the policy 

 
8For more discussion of PDMPs and differences in the stringency of states’ PDMP policies, see 
Haffajee et al. (2018) and Patrick et al. (2016). 
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implementation dates gathered by Mallatt (2017). Besides our main PDMP analysis, we 

present a supplementary PDMP analysis in which we consider alternative PDMP 

implementation dates and PDMP characteristics as documented by Horwitz et al (2018). 

In addition to PDMPs, we include policy data for three additional types of state 

drug policies: pain clinic regulations, naloxone access laws, and "Good Samaritan" laws. 

Implementation data for these three policies come from the Prescription Drug Abuse 

Policy System.9 Pain clinic regulations designate certain medical practices, generally those 

types of practices which issue disproportionately many opioid prescriptions, as "pain 

management clinics" which are subject to additional regulation beyond the requirements 

imposed on other medical practices. For example, Louisiana’s pain clinic policy requires 

that such clinics be owned and operated by a physician who is board certified in pain 

management, that the clinics be licensed by the state, and that they be subject to regular 

and unannounced regulatory compliance checks.10 Naloxone access laws are those that 

either expand the set of people who may legally possess naloxone (a drug which can save 

lives by reversing opioid overdose) or limit the liability of someone who distributes or 

administers naloxone. Both of these approaches attempt to lower barriers to naloxone 

use. Good Samaritan laws provide legal protection to someone who seeks help in the 

event of an overdose. Recent literature has examined the role of these specific policies in 

the fight against the US opioid epidemic, finding that pain clinic laws (Dowell et al., 

2016) and naloxone access laws (Rees et al., 2019) in particular led to significant 

reductions in opioid-related mortality. 

 

II.C Control Variables 

Other variables in our analyses include several characteristics that change over time 

and may have an independent relationship with both opioid use and child well-being. We 

 
9 Data accessible at www.pdaps.org 
10 LA. REV. STAT. ANN. § 40:2198.12 (A); LA. ADMIN. CODE tit. 48, pt. I, § 7815(B). 
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first adjust for a variety of socioeconomic and demographic characteristics which could 

confound our estimates. These variables come from the Area Health Resource File. In 

particular, overall economic conditions have been shown to affect child well-being 

(Schenck-Fontaine and Gassman-Pines, 2020; Lindo et al., 2018, Schenck-Fontaine et al., 2017; 

Raissian, 2015; Frioux et al., 2014; Wood et al., 2012), and socioeconomic and 

demographic factors are some of the strongest predictors of child maltreatment (Belsky, 

1993). To that end, we include unemployment rate, poverty rate, percent of population 

receiving Supplemental Nutrition Assistance Program (SNAP) nutritional benefits, 

median income, percent of the population that is under age 18, and percent White, Black, 

Asian, and Hispanic (all measured annually). 

During the study period, some child welfare policies were changing regarding the 

process of both entry and exit from the foster care system. Specifically, some states and 

counties implemented a differential response system, which separates low-risk from high-

risk children and families at the initial reporting stage. Though no empirical causal 

evidence exists yet on the efficacy of these programs, the goal is to release resources for 

child welfare agencies to focus on investigating and managing high-risk cases. On the 

back end of the child welfare system, some states extended the maximum age at which 

children emancipate from the foster care system, which may incentivize entrance into the 

system, particularly among older children. We capture the potential effect of differential 

response by using hand-collected data on the percent of a state that has implemented 

differential response, since many states allow this policy decision at the county-level.11 

We include indicator variables for whether a state implemented extended its foster care 

age-out age, which we obtained from Pergamit et al. (2012).    

The supply of legal opioids in a particular locale could fluctuate for a number of 

reasons, including changes in the degree of access to medical care generally. To distinguish 

 
11 Special thanks to Kerri Raissian for providing us with her data on county and state-level differential 
response.  
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between changes in the prevalence of pharmaceutical opioids versus changes in access to 

medical care generally, we adjust for yearly observations of the number of employed 

physicians per capita in each state and the number of community mental health centers 

per capita. Physician data come from the American Medical Association, and the 

community mental health center data come from the Area Health Resource File. 

 

III ESTIMATION APPROACH 

We perform regression analyses to estimate the relationship between measures of 

opioid use or misuse/abuse and rates of adverse experiences among children. Estimated 

regressions take the form 

 

Cit=aOit+bXit+γi+τt+δit+εit. (1) 

 

Here Cit represents the rate of reports of a particular type of child adverse event in 

geographic area (state or county) i and time period t. Oit is a selected measure of opioid 

use (rate of morphine-equivalent grams of legally distributed opioids; rate of opioid-

related ED visits; opioid-involved death rate). Xit is a vector of time-varying 

socioeconomic and demographic controls, which are described individually above. γi and 

τt are territory and time period fixed effects, respectively. Territory fixed effects adjust 

for unobserved time-invariant factors that may be associated with both child welfare 

conditions and opioid use, such as a territory’s general attitudes towards the treatment 

of children. Time period fixed effects adjust for factors that may affect the entire sample 

in a particular time point, such as the Great Recession, and overall secular trends in child 

welfare. Finally, we also include quadratic territory-specific trends, δit, which relax the 

assumption that changes in opioid use measures are exogenous to trends in a territory’s 

child welfare outcomes. Results are not sensitive to the inclusion of territory-specific 

trends, either by omission or by application of different-order polynomials (linear, 
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quadratic, or cubic). εit is a random error term. 

For both the rate of reported child maltreatment and foster care entrance, we 

estimate results for the full sample of children under age 18. In light of the finding that 

younger children were more likely to enter foster care due to substance use (Meinhofer & 

Angleró-Díaz 2019), we also examine potential heterogeneity in the relationship between 

opioid use and child well-being across age groups. Specifically, we perform subsample 

analyses for children in each of four age groups (0-1, 2-5, 6-12, and 13-17), where the 

denominator for each of these measures is the number of children in the corresponding 

age group. We further consider heterogeneity across specific types of maltreatment and 

specific reasons for foster care entry. In each regression, standard errors are clustered at 

the territory level, and analytic weights are assigned to each state or county based on 

population. 

We use a similar empirical approach to estimate the relationship between state 

opioid-related policies and foster care entrance. Following Grecu et al. (2019) and Gihleb 

et al. (2019), we estimate the relationship between PDMPs by allowing time for provider 

practices to adjust to the new policy. Specifically, since those researchers find that the full 

impacts of PDMPs appear to materialize about two years after the programs were 

enacted, we apply a lag of eight quarters. Additionally, we follow these two studies in by 

including quadratic state-specific trends. In this case, estimated regressions use quarterly 

data and take the form 

 

Cit = a1 PDMPi,0-7 + a2 PDMPi,8+ + a3 MAi,0-7 + a4 MAi,8+ + 

a5PainClinici,t + a6NaloxoneAccessi,t + a7GoodSami,t +bXit + γi + τt + δit + 

εit. (2) 

 

Here, PDMPi,0-7 is an indicator variable equal to one if state i first implemented a 
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PDMP between 0 and 7 quarters before quarter t, and equal to zero otherwise. PDMPi,8+ 

equals one if state i introduced a PDMP at least 8 quarters before quarter t. MAi,0-7 is 

an indicator variable equal to one if state i first implemented a policy of mandatory 

PDMP access by prescribers between 0 and 7 quarters before quarter t, and MAi,8+ equals 

one if state i introduced such a policy at least 8 quarters before quarter t. PainClinic, 

NaloxoneAccess, and GoodSam each equal one if state i had a pain clinic law, a 

naloxone access law, and a Good Samaritan law, respectively, in place during quarter 

t. Accordingly, a1 represents the effect of the presence of a PDMP alone in the first two 

years following implementation; a2 represents the lagged effect. a3 reflects the additional 

effect of a PDMP access mandate in the first two years since the mandatory PDMP was 

implemented, and a4 is the delayed effect. a5-7 reflect the effect of pain clinic regulations, 

naloxone access, and Good Samaritan laws. All other variables are defined as above.  

By studying legal prescription opioid distribution, opioid-related emergency-

department visits, drug-related deaths, and state opioid-related policies, we are poised to 

expand the literature through a comprehensive analysis of opioids and child well-being 

outcomes.    

 

IV RESULTS 

Before presenting the main results from the regression analysis, we first present 

descriptive statistics. Figure 1 documents raw trends in the nationwide average for each 

of three opioid use measures against the nationwide average foster care entrance rate. 

Between 2005 and 2009, foster care entrance is decreasing. 2009 marks a break in this 

trend, however, first leveling out before eventually beginning an increase in 2011. The 

rate of prescription opioids (in MME per capita12) in distribution is gradually increasing 

 
12 For the purposes of this graph we use the unit of morphine milligram equivalents (MME) to track per 
capita opioid quantities. Elsewhere in this paper we instead use the unit of morphine gram equivalents (that 
is, thousands of morphine milligram equivalents). 
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during this time period before turning to a slow reduction around 2011. ED visits related 

to opioid use among 25-44 year-olds are increasing throughout the time period, as is 

opioid-related mortality. In sum, at a nationwide, aggregate level, the different opioid 

measures trend differently from rates of foster care entrance.  

Table 1 reports descriptive statistics for all opioid and child welfare variables. 

Although California is hardly qualitatively representative of the entire US, Table 1 shows 

that our sample of California counties does not differ greatly from the US overall in terms 

of annual per capita prescription opioid distribution quantities13 or opioid overdose rates 

during the sample period. Rates of both foster care removal (nationwide) and 

maltreatment reports (for California counties) for all reasons and all child ages are also 

presented in Table 1. Means of foster care removals and maltreatment reports by specific 

subsets of reasons and age groups are presented separately in their respective results 

tables that follow. 

 

IV.A Supply of Legal Opioids 

We begin the fully adjusted regression analysis by identifying the relationship 

between the supply of legal pharmaceutical opioids and child well-being in Table 2. Panel 

A represents all foster care entrances, regardless of the reason for removal. Results show 

no statistically significant relationship between the quantity of legal opioids in 

distribution and overall rates of foster care entrance, and this lack of evidence for a 

relationship is consistent across age groups. When looking at foster care entrances due to 

either parental drug abuse or neglect, the coefficients are consistently negative. They are 

generally not significantly different from zero, however, with the exception of foster care 

entrance among adolescents (aged 13-17) due to neglect. In contrast with previous 

literature (Quast et al. 2018; 2019), the state-level analysis presented in Table 2 does not 

 
13 Note that the nationwide estimate of 0.12 is measured quarterly, so the appropriate comparison is ~0.48 
to 0.49.  
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allow us to draw any firm conclusions about the general relationship between legal opioid 

quantities and foster care entrances. 

Child maltreatment usually does not lead to removal from the home, and is therefore 

generally considered a less extreme adverse event than foster care entry. Table 3 reports 

a consistently negative relationship between the quantity of legal opioids and child 

maltreatment rates. Specifically, when looking at county-level rates of child maltreatment 

in California, an additional morphine-equivalent gram per resident is associated with 202 

fewer reports of maltreatment per 100,000 children (roughly 38 percent). This relationship 

is driven largely by changes in rates of reports of physical abuse and of caretaker 

absence or inability to care for a child. The relationship is also consistent across all age 

groups.  

At face value, results from Tables 2 and 3 seem to indicate either no relationship or 

a beneficial effect of access to opioids on child well-being. At least in California, perhaps 

this relationship manifests through improvements in health, ability to care, or 

employment (Currie et al., 2018) as a result of opioid access. In the discussion section 

below, we consider our findings in the context of related research. 

 

IV.B Opioid-Related Emergency Department Visits 

Relative to pharmaceutical drug distribution rates, opioid-related emergency 

department visits better capture the addictive nature of opioids and some of the primary 

concerns of increased opioid use. Table 4 provides evidence that an increase in opioid-

related visits to emergency departments among adults aged 25-44 is associated with 

greater foster care entry, particularly for children aged 0 to 12. Specifically, one more 

opioid-related ED visit per 100,000 people14 is associated with about 0.04 more children 

out of 100,000 entering the foster care system. Relative to the mean entry rate of 92.75, 

 
14 The national mean number of such hospitalizations per 100,000 residents was 215.67 during our sample 
period. 
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this estimate reflects about a 0.04 percent increase. These increases are driven by 

removals for neglect and are also significant for entries among children aged 0-5 due to 

parental drug abuse. There is no detectable relationship between opioid-related ED visits 

and removals due to parental death. Compared to these results for adults aged 25-44, the 

relationship between opioid-related visits to EDs among adults less likely to be caring for 

children (those aged 45-64), is attenuated but substantively similar (see Appendix Table 

3 for sensitivity results).15 

 

IV.C Opioid-Involved Mortality 

The most extreme consequence of opioid use is death from overdose. Tables 5 and 

6 show the relationships between rates of opioid-involved deaths (as imputed by Ruhm, 

2018) and rates of adverse events among children. These analyses indicate that increases 

in the rate of negative outcomes for opioid users have troubling effects on children as 

well. Areas experiencing increases in mortality involving opioids have significantly higher 

rates of foster care entrance (Table 5). In particular, one additional opioid-involved death 

per 100,000 residents is associated with an additional 4.14 out of 100,000 children entering 

the foster care system, reflecting an increase of 1.1 percent relative to the mean rate of 

foster care entry for our sample.16 These results appear to be driven by removals due to 

neglect, where an additional death per 100,000 is associated with 2.23 more foster children 

(1.2 percent), though this particular relationship is only marginally statistically 

significant. As in the case of ED visits related to opioid use, our opioid mortality results 

are especially strong among children aged 12 and younger, with the exception of adolescent 

entry into foster care due to parental death.  

 
15 We do not have ED visit data at the county-level, so we cannot empirically test the relationship 
between opioid-related ED visits and child maltreatment at the county-level in California. 
16The national mean number of such deaths per 100,000 residents was 13.17 during our sample 
period.  
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Table 6 shows inconclusive evidence of the relationship between opioid-involved 

mortality and child maltreatment at the county-level in California. Although the 

coefficient estimates generally suggest a positive relationship for total reports, there seems 

to be little pattern by child age or report type. It is worthy to note that the child 

maltreatment analysis is limited to the 34 most populous counties in California, due to 

data access limitations on opioid-related mortality. Since rural counties have experienced 

larger increases in drug poisoning mortality than urban counties (Paulozzi and Xi, 2008), 

this sample reduction may be biasing our results toward zero. 

 

IV.D Opioid-Related Policies 

Our main results above suggest negative spillovers from opioid abuse onto children 

in the form of child maltreatment and removal from their homes. By including territory-

specific trends and territory fixed effects, we can flexibly control for secular temporal 

trends as well as time-invariant differences across states or counties. However, the 

possible existence of other unobserved idiosyncratic changes in opioid markets or foster 

care systems prevent us from drawing definitive causal conclusions.  

Data that track implementation of opioid policies in different states at different 

times represent an alternative way of capturing changes in opioid access. In particular, 

several other recent studies have examined the effects of prescription drug monitoring 

programs (PDMPs) that centralize information about patients' prescription histories 

(Buchmueller and Carey, 2018; Grecu et al., 2019; Haffajee et al., 2018; Patrick et al., 

2016). In a study that is particularly relevant to our own, Gihleb et al. (2019) find that 

implementation of a stringent "must-access" PDMP law requiring health care 

professionals to use the state PDMP leads to reductions in certain types of foster care 

removals. We present our own set of policy results here for two reasons. First, we shed 

light on the observed relationship between foster care outcomes and other key opioid 

policies, beyond PDMPs alone. Second, since our child welfare findings for multiple 
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different opioid measures (drug quantities, hospitalizations, and deaths) represent a key 

contribution of this study, performing this additional policy analysis enables us to confirm 

whether our own results for these measures are consistent with other researchers' existing 

results for PDMPs. 

Table 7 shows regression results where PDMPs, Good Samaritan laws, pain clinic 

regulations, and naloxone access laws are the opioid use measures of interest. This table 

shows no clear relationship between the existence of a PDMP—mandatory or 

otherwise—and foster care entrance rates in either the first two years or subsequent years 

following PDMP implementation. However, when we follow Gihleb et al. (2019) by 

considering logs of foster care entrances rather than per capita rates, our results are more in 

line with their own: A more stringent requirement that the PDMP be mandatory access 

is associated with a reduction in foster care entrance rates for removal reasons due to 

neglect (Appendix Table 2, Panel B). This relationship does not fully emerge until two 

years after the mandatory access PDMP is in effect. Specifically, the result for the log 

specification indicates that two years after a mandatory access PDMP is implemented, 

states experience a 37 percent reduction in foster care entrances due neglect relative to 

the years preceding the policy.17 Among total child removals due to all causes, our log 

results show fewer entries into foster care 2+ years after the implementation of a 

mandatory PDMP, though this relationship is only marginally statistically significant 

(Appendix Table 2, Panel A). To the extent that strong PDMP laws lead to fewer foster 

child removals from the home–as Gihleb et al. (2019) conclude–such a relationship is 

consistent with our analysis of opioid-related emergency department use and opioid-

related mortality, since findings indicate that robust efforts to reduce the misuse of 

 
17 The corresponding result from Gihleb et al. (2019) finds a 14 percent reduction in foster care entrances 
due to neglect 2+ years after implementation of a mandatory PDMP. None of our regression results directly 
replicates the regressions performed in that study; among other differences, we use a different sample period 
and a different set of demographic control variables than do the authors of that study. 
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prescription opioids (through PDMPs) are associated with fewer child removals from the 

home. 

Table 7 also reports findings on other opioid-related policies. Good Samaritan Laws, 

which give legal protections to people seeking help for someone experiencing an overdose, 

are associated with higher rates of foster care entrance due to neglect, but they have no 

significant relationship with other removal reasons. Pain clinic laws, which regulate 

medical practices that commonly issue opioid prescriptions, are consistently positively 

related to foster care entrance for both neglect and parental drug abuse. Finally, states 

that implement naloxone access laws, which facilitate the distribution and use of a life-

saving drug that can reverse an overdose, experience significantly lower rates of foster 

care entry due to neglect. In sum, policies that are known to affect opioid use have mixed 

results on their spillovers onto child welfare.  

 

IV.E Sensitivity Checks: Alternative Functional Forms 

We examine the sensitivity of the main results to functional form, the inclusion of territory-

specific quadratic trends, and measurement of the opioid and opioid-related policy variables. First, 

we test the robustness of the analyses to functional form. Appendix Table 2 shows results of 

using an array of alternative functional form specifications including the log of the 

number of entrances and the log of the rate, and variations of the opioid use measure 

(e.g. log of pharmaceutical opioids distributed). We also examine the sensitivity of 

including state- or county-specific quadratic time trends. Each entry of Appendix Table 

2 represents a single regression and shows the resulting coefficient when the specified 

measure of drug use is regressed on the specified measure of child welfare. The first 

column includes results from the main specification for ease of comparison. When 

considering our results for drug quantities, ED visits, and death rates, although in some 

cases statistical significance varies across specifications, the directions of the estimates 

are nonetheless consistent with the main results. Regardless of the choice of functional 
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form, point estimates of the relationship between distribution of legal opioids in California 

and child maltreatment rates are negative, but there is no such consistent relationship 

between opioid distribution and foster care entry nationwide. Conversely, greater rates 

of opioid death and ED treatment are associated with higher rates of adverse child welfare 

outcomes. Finally, the results of the PDMP analysis do appear to be sensitive to changes 

in functional form, as discussed earlier.  

Next, we test whether the measures we use are sensitive to alternatives. We first 

examine opioid-related ED visits among a population less likely to be responsible for 

childcare, though those aged 45-64. Row 5 of Appendix Table 2 reports these results. 

Opioid-related ED visits among this population are not significantly associated with 

foster care entry, though the magnitude of the coefficient is similar, albeit attenuated, to 

the main results. Second, since an array of different and layered PDMP policies have 

been put into place on a state-by-state basis, there is no single straightforward way to 

code PDMP implementation dates. Horwitz et al. (2018) present evidence that opioid-

related analyses are not generally robust to the different ways that PDMP 

implementation dates are typically coded. In Appendix Table 3 we apply the same set of 

PDMP policy measures from Horwitz et al. (2018) to our own analysis. In comparing 

Appendix Table 3 with Table 7, we come to the same conclusion as those authors: Results 

vary greatly depending on the specific type of PDMP policy that is being considered. 

While we do not attempt here to make a case for or against any particular manner of 

PDMP dating, the fact that our foster care results are not robust to the choice of PDMP 

coding only serves to further underscore the relevance of that debate. 

 

V DISCUSSION 

V.A Contributions 

Our comprehensive analysis illustrates patterns relating various opioid use measures 

with various child welfare outcomes. Increased distribution of legal opioids is not 
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significantly associated with foster care entry, but it is negatively related to child 

maltreatment rates in California. In contrast, alternative measures that capture the 

capacity for abuse and misuse of opioids reveal a more consistent story: opioid-related 

visits to an emergency department and opioid-related mortality are both significantly 

associated with increases in foster care entrance, particularly among young children (ages 

0-12), and are driven by removals due to neglect. Mandatory access PDMP laws–which 

have been shown to reduce opioid abuse (Buchmueller and Carey, 2018; Grecu et al., 

2019)–are associated with reductions in counts of foster care entrance due to neglect two 

years after their implementation. However, these results are not robust to the use of 

alternative methods for coding PDMP implementation dates, or to the use of per capita 

rates of foster care entrances rather than log counts of such entrances. Looking beyond 

PDMP policies, pain clinic laws are associated with increases in foster care admissions, 

as are Good Samaritan laws for admissions specifically due to neglect. Alternatively, 

naloxone access laws appear to be negatively related to foster care entry for neglect-

related reasons. These last results suggest a direction for future research in further 

determining whether various opioid-related policies may have significant effects–either 

beneficial or harmful–on child welfare outcomes. 

We build on the existing literature examining the relationship between opioid use 

and child well-being in four specific ways: coverage of the sample, time period studied, 

measures of opioid use, and methodological enhancements. 

First, Quast et al. (2018) and Wolf et al. (2016) use data from only one state (Florida 

and California). Ghertner et al. (2018) exclude counties with fewer than 10 child welfare 

cases. Quast (2018) and Quast et al. (2019) combine small counties which could not be 

identified into “pseudo-counties.” We use nationwide data on foster care entrance at the 

state-level measured quarterly (as opposed to county-level measured annually). The 

various ways in which small counties are accounted for may be an important distinction 

between our study and these previous studies. Research has found that substance use and 
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child welfare take different forms across rural and urban areas (Barth et al., 2006; Garcia 

et al., 2017). Specifically, research has shown that NAS incidence (Villapiano et al., 2017), 

the prescribing rate for adults (Garcia et al., 2017), and the association between opioid 

prescriptions and home removals (Quast et al., 2019) are all greater in rural areas than 

urban areas. Although aggregating to the state-level prevents us from testing differences 

across rural and urban areas, we prefer including the cases from small counties and thus 

trade aggregation for inclusion. We note, however, that aggregating up likely masks 

important geographic variation in the relationship. 

Second, research shows the opioid epidemic began many years before these studies 

begin their analysis (many in 2010). For example, research dates the start of trend 

increases in negative outcomes (Case and Deaton, 2015; Paulozzi et al., 2011) to 1999. 

Thus, we expand our study to include earlier years not included in some related studies. 

Third, as noted by these scholars, determining the best way to measure both 

substance use and child welfare is a challenge. Similar to Quast et al. (2018), Quast 

(2018), and Quast et al. (2019), we use a measure of legal opioid distribution (though the 

measures themselves are from different sources). But there has been a documented 

increase in illegal substance use, which would not be captured in legal prescription data. 

Therefore, as in Ghertner et al. (2018) and Wolf et al. (2016), we also measure 

inappropriate opioid use by using opioid-related visits to the emergency department. We 

also build upon Ghertner et al. (2018)–who use drug overdose deaths–by studying 

fatalities involving opioids specifically (i.e., not including alcohol and other substances).  

Our study also features two methodological enhancements. The previous literature 

does not examine whether there is heterogeneity in the relationship between opioid use 

and child welfare by child age or by removal reason. Since younger children are more 

likely to be the victims of child maltreatment, and are more likely to enter the foster care 

system due to parental drug in recent years (Meinhofer & Angleró-Díaz, 2019), they may 

have a greater propensity to suffer the consequences of opioid abuse. Alternatively, Allen 
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et al. (2017) found that adolescents have a higher rate of admission to a health care 

facility for prescription opioid overdose than children aged 12 or younger, suggesting there 

may also be problematic behavior among older children as a result of opioid abuse that 

could lead to removal from the home. Indeed, we find that the relationship between 

opioids and child welfare is particularly salient for younger children. Additionally, 

Ghertner et al. (2018) omit unit-level fixed effects, which does not allow for comparison 

over time within counties. This feature is particularly important since counties with high 

rates of opioid use (as measured by any of our opioid use measures) are different in both 

observable and unobservable ways than counties with lower rates of opioid use. Without 

adjusting for time-invariant factors that are correlated with both opioid use and child 

welfare, their estimates may be biased away from zero.  

Finally, we explore the relationship between multiple policies intended to reduce opioid 

overdoses. These policies include state PDMPs, Good Samaritan laws, pain clinic regulations, 

and naloxone access laws. Our policy analysis results are consistent with Gihleb et al. 

(2019), who examine the effect of PDMPs on foster care in a similar manner, although 

our own results are sensitive to alternative PDMP specifications and alternative 

functional forms. The current study adds to the literature by directly distinguishing 

between legal opioids and the more costly side of opioid use (opioid-involved mortality 

and opioid-related emergency visits) in a way that extends beyond the work done by 

Gihleb et al. (2019).  

 

V.B Limitations 

This research has many contributions, but it is not without limitations. Our data 

are aggregated to the state or county level, rather than at the household- or individual-

level. Although this research design is common, such high aggregation may mask 

important variation within counties or states that play an important role in the 

relationship between opioid use and child well-being. Our data are also limited in other 
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ways. For example, our measure of opioid prescriptions consists only of legal distribution. 

We do not capture opioids that were produced or imported illicitly. We do, however, 

observe opioids in distribution that may have been sold or consumed illegally but were 

originally prescribed legally as long as the original prescription date was within the study 

time period. To the extent that opioids are subsequently consumed in markets beyond 

the state in which they were originally delivered, our measure of legal opioid prescriptions 

would include measurement error. 

The task of successfully measuring child well-being is methodologically difficult. 

There are capacity constraints, for example, in the number of foster care homes available. 

If demand for foster care exceeds the supply of safe places for children stay, foster care 

data may not be accurately reflecting the scope of the opioid problem for children. Indeed, 

child welfare agencies in communities with high substance use have difficulty finding 

foster homes and people to care for children (Radel et al., 2018). Further, reports of 

maltreatment and removal from the home capture more of the extreme dangers for 

children. There may be other developmental outcomes of relevant interest that precede a 

child maltreatment report and removal from the home. 

Our data on child maltreatment are limited to counties in California. Other states 

may have different patterns in both opioid use and child maltreatment than those 

observed in California. In addition, our analysis on opioid-involved mortality and child 

maltreatment is further limited to the 34 most populous counties in California. Omitting 

rural counties may bias our results since the nature of the opioid problem appears to be 

larger in rural areas than urban areas (Garcia et al., 2017; Quast et al., 2019; Villapiano 

et al., 2017). 

 

VI CONCLUSION 

This study contributes to understanding the scope of opioid use and dependency, 

and has implications for what the goals of public policy should be regarding this public 
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health problem. Evidence continues to emerge describing the toll taken by the recent US 

opioid epidemic on adults’ health and well-being. Policy responses like PDMPs and 

education campaigns have endeavored to reverse the trend of increasing misuse and abuse 

of opioids, and public resources have been directed toward improving access to the 

treatment of substance use disorders among those directly affected. Our findings suggest 

that children have also suffered serious consequences, and that there is a key role for 

policies that mitigate the harmful, indirect effects of the opioid epidemic on children. 

These results imply that, from a child welfare perspective, policies to reduce the negative 

effects of opioid addiction should focus less on reducing the overall supply of legal opioids 

in distribution. Instead, more resources should be spent on improving prediction of 

prescription risk (as suggested by Hastings et al., 2020) and reducing illicit opioid use 

specifically. 

This research clearly shows that reducing opioid misuse has substantial benefits to 

children, by lowering child maltreatment and removal from the home. These benefits for 

children have cost implications for society at-large, too. The national average public cost 

for a child in foster care annually is $10,302 (Zill, 2011). In addition to the immediate 

effects child victims of the opioid crisis suffer, our findings suggest increased opioid abuse 

likely generates considerable additional costs to the foster care system. These costs are 

on top of the incredible toll the opioid epidemic has had through medical costs and loss 

of life (Birnbaum et al., 2011). Accordingly, policy approaches designed to reduce the 

impact of the opioid epidemic on children have the potential to generate considerable 

public savings, in addition to affecting the lives of many children. 
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Figures and Tables 
 
Figure 1. Trends in Opioid Use Measures and Nationwide Foster Care Entry Rates 

 
Notes: Data from ARCOS, NCHS Vital Stats, HCUP FastStats, and AFCARS. The left axis is 
the scale for opioid prescriptions, opioid-related ED visits, and foster care entry rates. The right 
axis produces the scale for the opioid-involved death rate.  
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Table 1. Summary Statistics 
 

Level of 
Observation Variable Mean Standard 

Deviation 
Number of 

Observations 

state-quarter 
Total Foster Care Removals Per 100,000 Children Age 0-17 92.81 35.75 2601 
Morphine-Equivalent Grams of Legal Opioids Distributed Per Capita 0.12 0.05 2601 
Opioid-Related ED Visits Among 25-44 Year Olds Per 100,000 Capita 215.67 135.14 1109 

state-year Opioid-Involved Death Rate Per 100,000 Capita (Age-Adjusted Rate) 13.17 4.18 610 
county-year 
(California 
counties) 

Total Child Maltreatment Reports Per 100,000 Children Age 0-17 526.30 150.82 870 
Morphine-Equivalent Grams of Legal Opioids Distributed Per Capita 0.49 0.22 812 
Opioid-Involved Death Rate Per 100,000 Capita (Crude Rate) 12.24 4.77 476 
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Table 2. Legal Opioid Distribution and Foster Care Entrance Rate, Nationwide, 2003Q1 - 2015Q3 

 
FC Entrance Rate Per 100,000 Children of Corresponding 

Age Group 
 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 

PANEL A: REMOVAL REASON: ALL      
Morphine-Equivalent Grams Distributed Per Capita 1.88 10.45 4.51 0.55 -1.17 

 (6.63) (13.12) (7.21) (4.50) (7.83) 
Mean Y 92.81 200.63 93.45 63.89 90.15 

PANEL B: REMOVAL REASON: PARENTAL DRUG 
ABUSE      

Morphine-Equivalent Grams Distributed Per Capita -3.90 -13.90 -1.47 -3.30 -2.57 
 (3.24) -(9.99) (2.62) (2.72) (2.39) 

Mean Y 22.29 69.29 27.68 15.57 9.45 
PANEL C: REMOVAL REASON: NEGLECT      

Morphine-Equivalent Grams Distributed Per Capita -5.85* -9.62 -6.14 -3.23 -7.91*** 
 (3.02) (7.21) (4.37) (3.11) (2.48) 

Mean Y 48.05 120.27 59.25 36.68 27.61 
PANEL D: REMOVAL REASON: PARENTAL DEATH      

Morphine-Equivalent Grams Distributed Per Capita 0.02 0.04 0.07 -0.16 0.24 
 (0.12) (0.37) (0.23) (0.14) (0.33) 

Mean Y 0.63 0.52 0.45 0.53 0.94 
Notes: Foster care data are from AFCARS. Opioid distribution data are from ARCOS. Sample consists of all 50 states plus D.C., 
measured quarterly (N=2,601). Robust SE clustered at state-level in parentheses. Models control for unemployment rate, poverty rate, 
median income, percent SNAP beneficiaries, number of primary care physicians per capita, number of community mental health facilities 
per capita, foster care age-out extension, differential response policies, percent white, black, Asian, and Hispanic, percent child 
population, state FE, year FE, state-specific quadratic time trends, and are weighted by state population. Mean opioid measure for 
estimation sample is 0.12. * p<0.10, **p<0.05, ***p<0.01 
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Table 3. Legal Opioid Distribution and County Child Maltreatment Report Rate in California, 2002-2015 
 Report Rate Per 100,000 Children of Corresponding Age Group 
 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 

TOTAL REPORTS      
Morphine-Equivalent Grams Distributed Per Capita -201.74** -205.65** -220.81** -194.28* -206.37** 

 (89.51) (93.33) (98.27) (98.72) (85.60) 
Mean Y 530.87 592.35 550.73 538.75 483.39 

SEVERE NEGLECT      
Morphine-Equivalent Grams Distributed Per Capita -24.33 -82.63 -26.51 -18.83 -11.32 

 (15.64) (50.66) (17.96) (12.24) (6.95) 
Mean Y 8.70 31.40 9.54 5.60 3.70 

GENERAL NEGLECT      
Morphine-Equivalent Grams Distributed Per Capita -25.32 28.18 -25.40 -55.44 -20.56 

 (56.97) (100.41) (66.44) (57.43) (48.88) 
Mean Y 223.26 325.89 250.94 217.48 171.99 

PHYSICAL       
Morphine-Equivalent Grams Distributed Per Capita -99.89*** -105.59*** -117.14*** -90.45** -90.52*** 

 (36.03) (39.57) (43.38) (39.96) (28.60) 
Mean Y 99.89 54.26 87.86 113.41 108.23 

AT RISK (SIBLING ABUSED)      
Morphine-Equivalent Grams Distributed Per Capita -13.01 -26.22 -18.43 -3.42 -19.33 

 (35.71) (34.99) (36.11) (39.08) (31.88) 
Mean Y 65.49 60.11 69.17 72.15 55.79 

CARETAKER ABSENCE      
Morphine-Equivalent Grams Distributed Per Capita -20.41*** -36.88*** -25.44*** -15.88** -16.83** 

 (7.33) (11.87) (8.02) (7.53) (8.05) 
Mean Y 15.04 19.17 12.61 11.48 20.28 

Notes: Child maltreatment data are from CCWIP. Opioid distribution data are from ARCOS. Sample consists of 58 counties, measured annually, in California (n=812). 
Robust SE clustered at county-level in parentheses.  Models control for unemployment rate, number of community mental health facilities per capita, percent of county 
receiving SNAP benefits, percent white, black, Asian, and Hispanic, percent child population, county FE, year FE, county-specific quadratic time trends, and are weighted 
by county population. Mean opioid measure for estimation sample is 0.49. * p<0.10, **p<0.05, ***p<0.01 
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Table 4. Opioid-Related Emergency Department Visits Among Patients Age 25-44 and Foster Care Entrance Rate, 

2005-2014 

 
FC Entrance Rate Per 100,000 Children of 

Corresponding Age Group 
 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 

PANEL A: REMOVAL REASON: ALL      
Opioid-Related Emergency Department Visits Per 100,000 Capita 0.04** 0.11* 0.06** 0.04*** 0.01 

 (0.02) (0.05) (0.03) (0.01) (0.02) 
Mean Y 92.75 201.04 92.98 63.08 91.71 

PANEL B: REMOVAL REASON: PARENTAL DRUG ABUSE      
Opioid-Related Emergency Department Visits Per 100,000 Capita 0.02* 0.08* 0.03* 0.02 0.01 

 (0.01) (0.04) (0.02) (0.01) (0.01) 
Mean Y 19.11 61.35 24.34 13.27 7.25 

PANEL C: REMOVAL REASON: NEGLECT      
Opioid-Related Emergency Department Visits Per 100,000 Capita 0.04** 0.11** 0.05** 0.04*** 0.02** 

 (0.02) (0.05) (0.02) (0.01) (0.01) 
Mean Y 46.58 117.91 56.50 34.84 28.17 

PANEL D: REMOVAL REASON: PARENTAL DEATH      
Opioid-Related Emergency Department Visits Per 100,000 Capita -0.00 0.00 -0.00 -0.00 -0.00 

 (0.00) (0.00) (0.00) (0.00) (0.00) 
Mean Y 0.63 0.50 0.45 0.55 0.93 

Notes: Foster care data are from AFCARS. Opioid-related ED visit data are from HCUP FastStats. Sample consists of an unbalanced 
panel of 22-32 states plus, measured quarterly (n=1,109). Robust SE clustered at state-level in parentheses. Models control for 
unemployment rate, poverty rate, median income, percent SNAP beneficiaries, number of primary care physicians per capita, number 
of community mental health facilities per capita, foster care age-out extension, differential response policies, percent white, black, 
Asian, and Hispanic, percent child population, state FE, year FE, state-specific quadratic time trends, and are weighted by state 
population. Mean opioid measure for estimation sample is 215.67. * p<0.10, **p<0.05, ***p<0.01 



 
 
 
 

38 

 
Table 5. Opioid-Involved Death Rate and Foster Care Entrance Rate, 2003-2014 

 
FC Entrance Rate Per 100,000 Children of 

Corresponding Age Group 
 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 

PANEL A: REMOVAL REASON: ALL      
Annual Age-Adjusted Opioid-Involved Death Rate Per 100,000 Capita 4.14** 10.71** 6.24** 3.15** 2.17 

 (2.03) (4.39) (2.41) (1.51) (1.92) 
Mean Y 371.35 798.81 372.23 254.78 364.36 

PANEL B: REMOVAL REASON: PARENTAL DRUG ABUSE      
Annual Age-Adjusted Opioid-Involved Death Rate Per 100,000 Capita 0.75 0.81 1.90 0.84 -0.04 

 (1.00) (2.83) (1.24) (0.79) (0.64) 
Mean Y 87.16 271.04 108.16 60.61 37.38 

PANEL C: REMOVAL REASON: NEGLECT      
Annual Age-Adjusted Opioid-Involved Death Rate Per 100,000 Capita 2.23* 6.30* 3.34** 1.79* 0.76 

 (1.11) (3.42) (1.34) (0.91) (0.76) 
Mean Y 190.37 475.73 234.54 145.09 110.09 

PANEL D: REMOVAL REASON: PARENTAL DEATH      
Annual Age-Adjusted Opioid-Involved Death Rate Per 100,000 Capita 0.06** 0.05 0.02 0.04 0.11** 

 (0.03) (0.04) (0.06) (0.03) (0.05) 
Mean Y 2.51 2.06 1.74 2.09 3.79 

Notes: Foster care data are from AFCARS. Opioid-involved death rate data are from Ruhm (2018). Sample consists of all 50 states plus 
D.C., measured annually (N=610).Robust SE clustered at state-level in parentheses. Models control for unemployment rate, poverty rate, 
median income, percent SNAP beneficiaries, number of primary care physicians per capita, number of community mental health facilities 
per capita, foster care age-out extension, differential response policies, percent white, black, Asian, and Hispanic, percent child population, 
state FE, year FE, state-specific quadratic time trends, and are weighted by state population. Mean death rate for estimation sample is 
13.17. * p<0.10, **p<0.05, ***p<0.01 
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Table 6. Opioid-Involved Death Rate and County Child Maltreatment Report Rate in Large Counties in California, 2002-2015 

 Report Rate Per 100,000 Children of Corresponding Age Group 

 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 
TOTAL REPORTS      

Opioid-Involved Death Rate Per 100,000 Capita 0.60 0.25 0.33 0.33 1.21 
 (1.07) (1.30) (1.35) (1.13) (1.03) 

Mean Y 525.41 583.84 543.08 533.77 479.89 
SEVERE NEGLECT      

Opioid-Involved Death Rate Per 100,000 Capita -0.15 -0.92* -0.10 -0.07 -0.03 
 (0.15) (0.53) (0.16) (0.12) (0.07) 

Mean Y 8.68 31.12 9.52 5.61 3.71 
GENERAL NEGLECT      

Opioid-Involved Death Rate Per 100,000 Capita 1.50 2.66 1.72 1.14 1.39 
 (1.15) (1.78) (1.51) (1.16) (0.83) 

Mean Y 218.03 317.73 244.00 212.44 168.71 
PHYSICAL       

Opioid-Involved Death Rate Per 100,000 Capita 0.32 -0.16 0.23 0.48 0.39 
 (0.31) (0.32) (0.34) (0.38) (0.30) 

Mean Y 99.58 54.04 87.41 113.17 107.94 
AT RISK (SIBLING ABUSED)      

Opioid-Involved Death Rate Per 100,000 Capita -0.27 -0.31 -0.44 -0.21 -0.23 
 (0.44) (0.38) (0.45) (0.50) (0.41) 

Mean Y 66.84 61.23 70.45 73.60 57.13 
CARETAKER ABSENCE      

Opioid-Involved Death Rate Per 100,000 Capita -0.15 -0.06 -0.14 -0.37* -0.03 
 (0.17) (0.19) (0.18) (0.19) (0.19) 

Mean Y 14.75 18.76 12.27 11.23 20.03 
Notes: Child maltreatment data are from CCWIP. Opioid-involved death rate data are from Ruhm (2018). Sample consists of 34 counties, measured 
annually, in California (n=476). Robust SE clustered at county-level in parentheses.  Models control for unemployment rate, number of community 
mental health facilities per capita, percent of county receiving SNAP benefits, percent white, black, Asian, and Hispanic, percent child population, 
county FE, year FE, county-specific quadratic time trends, and are weighted by county population. Mean death rate for estimation sample is 12.03. * 
p<0.10, **p<0.05, ***p<0.01 
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Table 7. PDMP's and Foster Care Entrance Rate, Nationwide, 2003Q1 - 2015Q3 

 FC Entrance Rate Per 100,000 Children of Corresponding Age Group 

 Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17  Total  Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17 

 PANEL A: REMOVAL REASON: ALL  PANEL C: REMOVAL REASON: NEGLECT 
PDMP Operational for 0-7 

Quarters Only -0.19 -3.10 -0.37 -0.49 1.59  -0.04 -1.39 0.62 -0.02 0.08 

 (1.56) (3.57) (1.83) (1.33) (1.49)  (1.10) (2.94) (1.40) (0.96) (0.76) 
PDMP Operational for 8+ 

Quarters 2.28 4.15 0.97 1.27 4.31  2.17 4.29 3.13 2.10 1.09 

 (2.96) (7.17) (3.57) (2.42) (2.65)  (2.52) (6.70) (3.46) (1.93) (1.61) 
PDMP Access Mandatory for 0-

7 Quarters Only 1.87 4.50 2.78 0.01 2.56  2.43 9.48 4.09 0.62 1.15 

 (4.82) (10.93) (5.31) (3.49) (4.67)  (3.16) (8.19) (4.19) (2.33) (2.13) 
PDMP Access Mandatory for 8+ 

Quarters 3.01 0.82 4.19 1.68 4.01  -1.56 -1.16 -0.80 -2.00 -1.25 

 (6.70) (14.84) (7.45) (5.08) (6.45)  (2.79) (7.91) (3.78) (2.34) (2.21) 

Good Samaritan Law 1.49 1.67 0.79 0.72 2.71  3.67** 8.02* 3.82** 2.76** 3.16*** 

 (2.20) (5.46) (2.53) (1.56) (2.19)  (1.55) (4.12) (1.84) (1.28) (1.08) 

Pain Clinic Law 15.99*** 33.03*** 17.25*** 11.61*** 14.27***  6.63*** 16.91** 7.70* 4.50** 4.81*** 

 (2.99) (6.39) (2.95) (2.52) (3.38)  (2.46) (6.49) (4.04) (1.77) (1.42) 

Naloxone access law -2.60 -6.89 -1.73 -1.97* -3.01*  -2.91*** -8.78** -2.43** -2.56*** -1.75** 

 (1.57) (4.13) (1.72) (1.12) (1.75)  (0.94) (3.75) (1.07) (0.81) (0.76) 

Mean Y 92.81 200.63 93.45 63.89 90.15   48.05 120.27 59.25 36.68 27.61 
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 Table 7. PDMP's and Foster Care Entrance Rate, Nationwide, 2003Q1 - 2015Q3, Cont’d 

 
PANEL B: REMOVAL REASON: PARENTAL DRUG 

ABUSE  
PANEL D: REMOVAL REASON: PARENTAL 

DEATH 
PDMP Operational for 0-7 

Quarters Only -0.30 -0.57 -0.68 -0.13 -0.11  -0.01 0.02 -0.05 0.02 -0.04 

 (1.26) (4.00) (1.48) (0.98) (0.72)  (0.02) (0.05) (0.04) (0.03) (0.04) 
PDMP Operational for 8+ 

Quarters 0.70 3.81 -0.19 0.75 0.32  0.04 0.15 0.01 0.02 0.03 

 (1.88) (6.22) (2.21) (1.43) (0.99)  (0.05) (0.11) (0.06) (0.05) (0.10) 
PDMP Access Mandatory for 0-

7 Quarters Only 1.00 3.85 1.30 0.19 0.84  -0.08 -0.20* -0.23 0.07 -0.13 

 (2.18) (6.37) (2.63) (1.52) (1.97)  (0.10) (0.12) (0.15) (0.10) (0.15) 
PDMP Access Mandatory for 8+ 

Quarters -1.11 -3.80 0.01 -1.42 -0.43  -0.10 -0.29 -0.31 0.08 -0.12 
 (3.63) (10.43) (4.45) (2.73) (2.49)  (0.15) (0.24) (0.24) (0.17) (0.15) 

Good Samaritan Law -0.39 -0.95 -1.03 -0.27 0.16  -0.00 0.06 -0.05 -0.04 0.07 

 (1.18) (3.56) (1.73) (0.88) (0.60)  (0.05) (0.08) (0.05) (0.06) (0.07) 

Pain Clinic Law 5.05** 15.75*** 6.23*** 4.21** 1.42  0.05 0.00 -0.00 0.10 0.05 

 (1.96) (4.65) (2.20) (1.81) (1.45)  (0.06) (0.08) (0.08) (0.06) (0.07) 

Naloxone access law -0.29 0.12 -0.48 -0.26 -0.44  -0.05 -0.12* 0.00 -0.04 -0.10 

 (1.18) (3.51) (1.45) (0.90) (0.73)  (0.05) (0.07) (0.05) (0.04) (0.09) 

Mean Y 22.29 69.29 27.68 15.57 9.45   0.63 0.52 0.45 0.53 0.94 
Notes: Foster care data are from AFCARS. Indicators for timing of PDMP implementation are coded as in Mallatt (2017). Sample consists of all 50 states plus D.C., measured 
quarterly (N=2,601). Robust SE clustered at state-level in parentheses. Models control for unemployment rate, poverty rate, median income, percent SNAP beneficiaries, number 
of primary care physicians per capita, number of community mental health facilities per capita, foster care age-out extension, differential response policies, percent white, black, 
Asian, and Hispanic, percent child population, state FE, year FE, state-specific quadratic time trends, and are weighted by state population. * p<0.10, **p<0.05, ***p<0.01 
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Appendix 
 

Appendix Table 1. Emergency Department Data Years Used in Analysis 

State Number of 
Quarters Years   State Number of 

Quarters Years 

ARIZONA 40 2005-2014  MISSOURI 40 2005-2014 
ARKANSAS 8 2013-2014  MONTANA 4 2014 

CALIFORNIA 40 2005-2014  NEBRASKA 40 2005-2014 
CONNECTICUT 40 2005-2014  NEVADA 32 2007-2014 

FLORIDA 40 2005-2014  NEW HAMPSHIRE 40 2005-2014 
GEORGIA 40 2005-2014  NEW MEXICO 40 2005-2014 
HAWAII 40 2005-2014  NEW YORK 16 2011-2014 
ILLINOIS 24 2009-2014  NORTH CAROLINA 20 2010-2014 
INDIANA 40 2005-2014  OHIO 40 2005-2014 

IOWA 40 2005-2014  RHODE ISLAND 36 2006-2014 
KANSAS 40 2005-2014  SOUTH CAROLINA 40 2005-2014 

KENTUCKY 28 2008-2014  SOUTH DAKOTA 25 2007-2014 
MAINE 36 2006-2014  TENNESSEE 40 2005-2014 

MARYLAND 40 2005-2014  UTAH 40 2005-2014 
MASSACHUSETTS 40 2005-2014  VERMONT 40 2005-2014 

MINNESOTA 40 2005-2014  WISCONSIN 40 2005-2014 
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Appendix Table 2. Sensitivity Checks: Alternative Functional Forms 

 

Panel A: Measure of FC Entrance among Ages 0-17, 
All Removal Reasons, Nationwide 

 

Panel B: Measure of FC Entrance Due to Neglect 
Among Ages 0-17, Nationwide 

 

Panel C: Measure of Child Maltreatment Reports 
Among Ages 0-17, All Report Types, California Counties 

 
Rate per 100k 

Children Log of Count Log of Rate  
Rate per 100k 

Children Log of Count Log of Rate  Rate per 100k Children Log of Count Log of Rate 
Quadratic territory-specific 
trends? Y N Y N Y N   Y N Y N Y N   Y N Y N Y N 
Morphine-Equivalent Grams 
Distributed per Capita 

1.88 0.85 -0.01 -0.01 0.01 -0.01  -5.85* -13.68 -0.22 -0.30 -0.16 -0.28  -201.74** -298.11*** -0.26 -0.51*** -0.40** -0.54*** 
(6.63) (8.84) (0.07) (0.08) (0.07) (0.08)  (3.02) (8.30) (0.16) (0.33) (0.13) (0.28)  (89.51) (83.52) (0.17) (0.14) (0.18) (0.16) 

Mean Y 92.81 7.58 4.47  48.05 6.71 3.69  530.87 10.14 6.23 
Log of Total Morphine-
Equivalent Grams Distributed 

-0.70 -2.94 -0.02 -0.04 -0.01 -0.04  -3.37* -7.10* -0.05 0.26 -0.08 -0.07  -110.05 -140.27*** -0.18 -0.11 -0.25* -0.29** 
(3.19) (5.07) (0.04) (0.04) (0.03) (0.04)  (1.82) (3.87) (0.14) (0.44) (0.10) (0.18)  (70.87) (49.13) (0.14) (0.09) (0.15) (0.11) 

Mean Y 92.81 7.58 4.47  48.05 6.71 3.69  530.87 10.14 6.23 
Log of Morphine-Equivalent 
Grams Distributed per Capita 

3.22 0.33 -0.03 -0.02 0.01 -0.02  -9.82* -24.25 -0.38 -0.44 -0.28 -0.44  -343.02* -544.98*** -0.52 -0.90*** -0.73** -1.00*** 
(11.56) (16.99) (0.13) (0.14) (0.12) (0.15)  (5.48) (14.73) (0.31) (0.67) (0.25) (0.57)  (177.29) (145.16) (0.33) (0.26) (0.36) (0.29) 

Mean Y 92.81 7.58 4.47  48.05 6.71 3.69  530.87 10.14 6.23 
Opioid-Related ED Visits 
per 100,000 Capita (Ages 25-44) 

0.04** 0.03 0.00** 0.00** 0.00** 0.00*  0.04** 0.01 -0.00 -0.00 0.00*** 0.00        
(0.02) (0.02) (0.00) (0.00) (0.00) (0.00)  (0.02) (0.02) (0.00) (0.00) (0.00) (0.00)        

Mean Y 92.75 7.71 4.48  46.58 6.74 3.64        
Opioid-Related ED Visits 
per 100,000 Capita (Ages 45-64) 

0.02 0.04 0.00 0.00 0.00 0.00  0.05* 0.01 -0.00 -0.01 0.00* -0.00        
(0.03) (0.03) (0.00) (0.00) (0.00) (0.00)  (0.03) (0.04) (0.00) (0.00) (0.00) (0.00)        

Mean Y 92.63 7.71 4.48  46.49 6.75 3.63        
Opioid-Involved Death Rate 
per 100,000 Capita 

4.14** 2.41 0.01* 0.01 0.01** 0.01  17.95* 0.31 0.16 -0.34 0.14* -0.09  0.60 0.01 0.00 0.00 0.00 0.00 
(2.03) (2.51) (0.00) (0.01) (0.00) (0.00)  (9.17) (9.33) (0.11) (0.27) (0.08) (0.12)  (1.07) (1.62) (0.00) (0.00) (0.00) (0.00) 

Mean Y 371.35 8.97 5.85   190.36 8.06 5.02   525.41 10.24 6.23 
PDMP Operational 
for 0-7 Quarters Only 

-0.19 0.89 0.01 0.02 0.01 0.02  -0.04 1.96 -0.08 0.07 -0.02 0.03        
(1.56) (1.99) (0.02) (0.02) (0.02) (0.02)  (1.10) (1.49) (0.10) (0.09) (0.05) (0.06)        

PDMP Operational 
for 8+ Quarters 

2.28 4.79 0.03 0.06* 0.03 0.05  2.17 6.19** 0.34 0.68 0.16 0.27*        
(2.96) (3.48) (0.03) (0.03) (0.03) (0.03)  (2.52) (2.83) (0.26) (0.42) (0.11) (0.15)        

PDMP Access Mandatory 
for 0-7 Quarters Only 

1.87 0.11 -0.05 -0.05 -0.04 -0.04  2.43 6.60* -0.19* 0.94** 0.00 0.59*        
(4.82) (4.09) (0.04) (0.05) (0.04) (0.04)  (3.16) (3.74) (0.11) (0.44) (0.08) (0.30)        

PDMP Access Mandatory 
for 8+ Quarters 

3.01 -1.62 -0.08* -0.09 -0.07 -0.09  -1.56 0.23 -0.37** 0.99** -0.14** 0.53        
(6.70) (6.59) (0.05) (0.07) (0.06) (0.06)  (2.79) (3.90) (0.17) (0.49) (0.06) (0.32)        

Mean Y 92.81 7.58 4.47   48.05 6.71 3.69         
Notes: Robust SE clustered at state- or county-level in parentheses. Models control for a full vector of demographic controls as well as state or county fixed-effects. Regressions on "log of count" outcomes also control for log of the county's or state's 
population of children in the relevant age group. Regressions for opioid-involved death rate use annual data; all other regressions in Panel A represent quarterly data. All regressions in Panel B represent annual data. * p<0.10, **p<0.05, ***p<0.01 
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PDMP for 0-7 Quarters Only -3.62 -8.31 -3.90 -2.21 -3.92
(3.21) (6.42) (3.41) (2.36) (3.55)

PDMP for 8+ Quarters -6.44 -17.59* -7.47 -5.48 -3.14
(4.94) (10.12) (5.50) (3.77) (5.06)

Electronic PDMP for 0-7 Quarters Only 14.01*** 32.63*** 12.06** 10.36*** 12.74***
(4.09) (8.31) (5.33) (3.65) (3.22)

Electronic PDMP for 8+ Quarters 17.96*** 39.02** 14.52** 13.51*** 17.41**
(6.68) (16.66) (5.59) (4.84) (7.16)

Modern PDMP Operational for 0-7 Quarters Only 0.84 1.28 1.39 0.35 1.07
(1.71) (4.17) (1.93) (1.47) (1.50)

Modern PDMP Operational for 8+ Quarters -0.20 0.41 -0.85 -0.24 0.28
(2.33) (5.90) (2.57) (2.01) (2.16)

Good Samaritan Law 1.14 0.73 1.34 1.53 0.30 1.77 0.55 0.15 0.79 0.50 0.11 0.51 2.01 1.89 2.45
(2.30) (2.00) (2.43) (5.50) (4.83) (5.95) (2.58) (2.40) (2.75) (1.62) (1.46) (1.73) (2.33) (1.97) (2.37)

Pain Clinic Law 15.97*** 15.59*** 15.58*** 32.91*** 32.23*** 32.44*** 17.60*** 17.28*** 17.02*** 11.21*** 11.04*** 11.07*** 14.49*** 13.89*** 13.92***
(3.01) (2.96) (3.05) (6.13) (6.48) (6.63) (3.05) (3.05) (3.13) (2.53) (2.53) (2.57) (3.55) (3.31) (3.40)

Naloxone Access Law -2.58* -1.84 -2.83* -7.73* -5.92 -8.07* -1.77 -1.12 -2.17 -1.92* -1.34 -2.01* -2.66 -2.08 -3.03
(1.50) (1.54) (1.60) (3.85) (3.54) (4.28) (1.61) (1.70) (1.73) (1.02) (1.11) (1.12) (1.76) (1.90) (1.83)

Mean Y

PDMP for 0-7 Quarters Only -0.49 -1.32 -0.86 -0.50 -0.17
(3.02) (9.34) (3.70) (2.17) (1.33)

PDMP for 8+ Quarters -2.39 -6.47 -3.35 -2.12 -0.56
(4.01) (12.71) (5.21) (2.88) (1.59)

Electronic PDMP for 0-7 Quarters Only 0.35 1.77 0.38 0.32 0.07
(2.87) (7.79) (3.70) (2.49) (1.16)

Electronic PDMP for 8+ Quarters 2.19 5.72 2.62 2.13 1.00
(4.46) (14.20) (5.58) (3.56) (1.67)

Modern PDMP Operational for 0-7 Quarters Only 0.36 2.02 0.17 0.40 -0.15
(1.30) (4.19) (1.54) (0.98) (0.85)

Modern PDMP Operational for 8+ Quarters 0.01 2.11 -0.71 0.14 -0.29
(1.88) (6.53) (2.14) (1.37) (1.04)

Good Samaritan Law -0.21 -0.22 -0.23 -0.47 -0.57 -0.35 -0.84 -0.84 -0.91 -0.16 -0.15 -0.15 0.24 0.27 0.21
(1.28) (1.20) (1.27) (3.81) (3.48) (3.89) (1.73) (1.74) (1.81) (0.97) (0.93) (0.94) (0.69) (0.61) (0.63)

Pain Clinic Law 5.08*** 5.10*** 5.07** 15.78*** 15.87*** 15.94*** 6.39*** 6.41*** 6.29*** 4.10** 4.12** 4.10** 1.55 1.54 1.53
(1.86) (1.88) (1.91) (4.55) (4.61) (4.69) (2.05) (2.07) (2.13) (1.70) (1.72) (1.74) (1.36) (1.35) (1.40)

Naloxone Access Law -0.55 -0.53 -0.62 -0.72 -0.61 -1.08 -0.75 -0.73 -0.79 -0.41 -0.40 -0.49 -0.59 -0.59 -0.56
(1.14) (1.05) (1.28) (3.43) (3.30) (3.84) (1.34) (1.27) (1.52) (0.86) (0.78) (0.97) (0.77) (0.71) (0.79)

Mean Y

Appendix Table 3. Alternative PDMP start dates from Horwitz, et al. (2018)
FC Entrance Rate Per 100,000 Children of Corresponding Age Group

22.29 9.4515.5727.6869.29

200.63 93.45 63.89 90.15
PANEL B: REMOVAL REASON: PARENTAL DRUG ABUSE

Total Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17
PANEL A: REMOVAL REASON: ALL

92.81
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PDMP for 0-7 Quarters Only-2.54 -4.96 -3.34 -2.33 -1.41
(2.18) (5.75) (2.91) (1.73) (1.27)

PDMP for 8+ Quarters -2.21 -4.72 -1.72 -2.81 -0.69
(2.81) (6.70) (3.53) (2.26) (2.08)

Electronic PDMP for 0-7 Quarters Only7.32** 21.07*** 8.25* 6.03** 3.48**
(2.98) (5.69) (4.82) (2.50) (1.54)

Electronic PDMP for 8+ Quarters 10.08** 24.12** 10.69* 8.84** 6.27**
(4.37) (11.71) (5.83) (3.59) (2.67)

Modern PDMP Operational for 0-7 Quarters Only-0.13 0.27 0.37 -0.56 0.06
(1.33) (3.18) (1.75) (1.13) (0.92)

Modern PDMP Operational for 8+ Quarters -0.44 0.23 -0.06 -0.55 -0.55
(2.43) (6.47) (3.31) (1.98) (1.44)

Good Samaritan Law 3.64** 3.59** 3.80** 8.23* 7.69* 8.60* 3.70* 3.71** 4.05** 2.66** 2.62** 2.71* 3.14*** 3.22*** 3.27***
(1.65) (1.51) (1.71) (4.43) (4.17) (4.53) (1.90) (1.70) (1.99) (1.31) (1.21) (1.38) (1.15) (1.08) (1.19)

Pain Clinic Law 7.08*** 6.71** 6.76*** 18.53*** 17.80** 18.02*** 8.58** 8.05* 8.08** 4.51** 4.21** 4.31** 5.10*** 4.86*** 4.82***
(2.39) (2.63) (2.50) (6.57) (6.97) (6.70) (3.73) (4.12) (3.95) (1.75) (1.91) (1.79) (1.34) (1.49) (1.45)

Naloxone Access Law -3.23*** -2.90*** -3.28*** -10.00** -8.92** -10.19** -2.75** -2.41** -2.96** -2.72*** -2.45*** -2.66*** -1.91** -1.79** -1.99**
(1.08) (0.92) (1.12) (4.04) (3.35) (4.10) (1.14) (1.09) (1.18) (0.83) (0.74) (0.90) (0.86) (0.78) (0.89)

Mean Y

PDMP for 0-7 Quarters Only0.01 -0.05 0.00 0.09* -0.08
(0.04) (0.08) (0.07) (0.05) (0.08)

PDMP for 8+ Quarters -0.02 -0.10 -0.03 0.04 -0.08
(0.05) (0.09) (0.10) (0.06) (0.12)

Electronic PDMP for 0-7 Quarters Only0.06 0.11 -0.01 0.04 0.13
(0.06) (0.08) (0.09) (0.06) (0.09)

Electronic PDMP for 8+ Quarters 0.27* 0.37** 0.11 0.17 0.48**
(0.14) (0.17) (0.16) (0.12) (0.22)

Modern PDMP Operational for 0-7 Quarters Only0.01 0.03 -0.02 0.02 -0.00
(0.04) (0.07) (0.06) (0.04) (0.05)

Modern PDMP Operational for 8+ Quarters 0.01 0.06 -0.02 0.00 0.00
(0.06) (0.11) (0.09) (0.07) (0.08)

Good Samaritan Law -0.00 0.00 -0.00 0.05 0.05 0.05 -0.05 -0.05 -0.06 -0.03 -0.04 -0.04 0.06 0.07 0.07
(0.05) (0.05) (0.05) (0.08) (0.07) (0.08) (0.05) (0.05) (0.05) (0.05) (0.06) (0.06) (0.07) (0.07) (0.07)

Pain Clinic Law 0.02 0.02 0.03 -0.05 -0.06 -0.05 -0.05 -0.05 -0.05 0.10 0.11* 0.10* 0.02 0.01 0.01
(0.07) (0.07) (0.07) (0.09) (0.09) (0.09) (0.10) (0.10) (0.09) (0.06) (0.06) (0.06) (0.09) (0.09) (0.09)

Naloxone Access Law -0.05 -0.05 -0.06 -0.11* -0.11* -0.12* 0.00 -0.00 0.01 -0.04 -0.04 -0.04 -0.09 -0.09 -0.09
(0.04) (0.04) (0.04) (0.07) (0.07) (0.07) (0.05) (0.05) (0.05) (0.04) (0.04) (0.04) (0.08) (0.07) (0.08)

Mean Y

Notes: Foster care data are from AFCARS. Indicators for timing of PDMP implementation are coded as in Horwitz et al. (2018). Sample consists of all 50 states plus D.C., 
measured quarterly (N=2,601). Robust SE clustered at state-level in parentheses. Models control for unemployment rate, poverty rate, median income, percent SNAP 
beneficiaries, number of primary care physicians per capita, number of community mental health facilities per capita, Chafee laws, differential response laws, percent white, black, 
Asian, and Hispanic, percent child population, state FE, year FE, state-specific quadratic time trends, and are weighted by state population. * p<0.10, **p<0.05, ***p<0.01

FC Entrance Rate Per 100,000 Children of Corresponding Age Group

120.27 59.25 36.68 27.61

0.940.530.45

PANEL D: REMOVAL REASON: PARENTAL DEATH

0.520.63

48.05

Total Aged 0-1 Aged 2-5 Aged  6-12 Aged 13-17
PANEL C: REMOVAL REASON: NEGLECT


