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ABSTRACT 

THREE ESSAYS ON ANTIPOVERTY PROGRAMS AND REDUCTIONS IN CHILD 

MALTREATMENT 

Neil McCray, Ph.D. 

George Mason University, 2022 

Dissertation Director: Dr. Priyanka Anand 

 

Millions of children are reported maltreated in the United States each year. In 

addition to the costs imposed on victims, maltreatment also imposes costs on society at 

large, including short and long-term medical care, reductions in education and workforce 

productivity, and increased criminality, among other costs. Finding ways to reduce 

maltreatment risk is a critical concern of public policy. Because poverty is a primary risk 

factor for child maltreatment risk, researchers have considered whether antipoverty 

programs might reduce child maltreatment.  

This dissertation consists of three papers discussing and assessing the effects of 

antipoverty programs on child maltreatment. The first paper discusses theories that 

explain the relationship between poverty and child maltreatment generally – primarily 

family stress and family investment models – and then considers literature on the 

relationship between child maltreatment and several antipoverty programs and policies 

including the Earned Income Tax Credit, the Supplemental Nutrition Assistance Program 
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(SNAP), Medicaid, Temporary Assistance for Needy Families (and its predecessor, Aid 

to Families with Dependent Children), and the minimum wage. Findings from the 

literature suggest strong theoretical reasons to expect that antipoverty programs should 

reduce maltreatment risk, that there are correlations between antipoverty program 

increases and reductions in child maltreatment, and some more recent causal studies 

demonstrate policies can reduce maltreatment risk. The second and third papers each 

consider a different antipoverty program (Medicaid and SNAP, respectively) and use 

variation in policy decisions at the state-level to assess effects on child maltreatment 

outcomes.  

Paper two considers Medicaid’s effects on child maltreatment. First, the paper 

discusses why Medicaid might reduce maltreatment risk, both via the proposed 

theoretical models relating to socioeconomic status and via changes in health care 

utilization for both adults and children. Because the Patient Protection and Affordable 

Care Act’s (ACA) Medicaid expansions, which were originally mandatory, were 

rendered optional by the U.S. Supreme Court’s decision in National Federation of 

Independent Business v. Sebelius, state selection to expand or not expand Medicaid 

functions as a sort of natural quasi-experiment. This paper exploits variations in state 

selections to expand or not expand Medicaid to identify the causal effect of Medicaid 

expansion on child maltreatment outcomes. Prior to the ACA, a number of states had 

state-funded programs expanding Medicaid similar to ACA Medicaid expansions. Some 

states also chose to expand Medicaid early or to partially expand their programs. Due to 

these and other variations, precisely defining which policy changes constitute “Medicaid 
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expansion” can be complicated; this paper considers several different definitions of 

expansion to examine whether inclusion or exclusion of some states affects results. The 

paper finds that January 2014 Medicaid expansions led to reductions in child neglect, but 

the robustness of that result is sensitive to which states are included in the sample in 

terms of when they expanded and the generosity of their prior Medicaid coverage.  

The third paper considers the relationship between SNAP and child maltreatment. 

The paper first considers theoretical reasons why SNAP might affect child maltreatment 

risk, including family stress and family investment models, and then considers additional 

factors relating specifically to food insecurity. Then the paper turns to empirically 

assessing whether SNAP leads to reductions in child maltreatment. It exploits variation in 

state decisions regarding broad-based categorical eligibility (BBCE) in SNAP, a policy 

which increases the number of people eligible for SNAP and can also simplify 

application processes. State selection of BBCE leads to reductions in neglect and sexual 

abuse, and some findings indicate BBCE may also reduce physical abuse and medical 

neglect, though those findings are sensitive to model specification.  

This dissertation discusses several theoretical reasons why antipoverty programs 

should reduce maltreatment risk, assesses literature on several programs, and empirically 

assesses the causal effect of two programs – Medicaid and SNAP – on child maltreatment 

outcomes. Findings suggest Medicaid expansions may reduce neglect, though the results 

are sensitive to how Medicaid expansion is defined, and that SNAP broad-based 

categorical eligibility reduces neglect and sexual abuse. Results support the proposed 
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theoretical models and more generally support the idea that antipoverty policies and 

programs may reduce child maltreatment.  
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1. ANTIPOVERTY PROGRAMS AS MITIGATING FACTORS FOR CHILD 

MALTREATMENT RISK 

Abstract 

Over a third of children in the United States are reported as maltreated during their 

childhoods, and about 12.5 percent have reports that are substantiated by authorities. 

Behaviors included in maltreatment include physical abuse, neglect, sexual abuse, 

medical neglect, and other types of maltreatment. Maltreatment imposes substantial costs 

onto victims, and onto society at large, both immediately and in the future. Given both 

the pervasiveness of child maltreatment and the costs it imposes on society, researchers 

have examined whether a variety of policies might reduce its incidence. One risk factor 

for maltreatment is poverty. Some aspects of poverty may be remediable via policy 

intervention from antipoverty programs. This paper discusses theoretical models that 

explain the relationships between poverty and child maltreatment, examines how those 

theories might predict reductions in child maltreatment stemming from antipoverty 

programs, and assesses empirical literature on antipoverty programs and their effects on 

child maltreatment. Available associative empirical literature suggests that antipoverty 

programs are correlated with reductions in maltreatment, and recent causal analyses find 

antipoverty programs lead to reductions in maltreatment.  

  



2 

 

Introduction 

Despite child maltreatment being at one point considered “extreme[ly] socially 

deviant” and of “low prevalence” (National Research Council, 1993, p. 106), 37.4 

percent of children in the United States are subject to investigations by child protective 

services during their childhood (H. Kim et al., 2017) and 12.5 percent of children 

experience a substantiated case of maltreatment (Wildeman et al., 2014). Given that 

many instances of maltreatment go unreported (Sedlak et al., 2010) and that children with 

unsubstantiated maltreatment reports are at similar risk of future maltreatment as those 

with substantiated cases (Hussey et al., 2005; H. Kim & Drake, 2019; Kohl et al., 2009), 

these represent conservative estimates of the pervasiveness of child maltreatment in the 

United States. 

Beyond maltreatment’s immediate harms are significant future costs imposed on 

victims, including higher risk of behavioral health problems like anxiety and depression 

(Felitti et al., 1998; J. Kim & Cicchetti, 2006; Thompson & Tabone, 2010); criminal 

behavior and violence (Cuadra et al., 2014; Elklit et al., 2013; Grogan-Kaylor & Otis, 

2003; Jonson-Reid et al., 2012); chronic diseases (Gilbert et al., 2015); and reduced 

levels of education, employment, and earnings as adults (Currie & Widom, 2010). 

Expanding the scope of costs incurred to consider society at large, one study estimates 

that each year the United States incurs between $124 and $585 billion in lifetime lost 

economic productivity from child maltreatment, depending on what types of cases are 

counted (Fang et al., 2012).  
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Considering both the extent of child maltreatment and its costs, both to survivors 

and society, there is substantial interest in understanding both the causes of maltreatment 

and what might be done to prevent it. While many contributing factors have been 

identified that influence maltreatment risk in complex and interactive ways, one factor 

consistently identified as increasing the risk of maltreatment is low socioeconomic status 

(SES; Jonson-Reid et al., 2009; Sedlak et al., 2010). Among risk factors for maltreatment, 

some implications of low SES may be remediable via policy intervention; to that end, 

researchers have focused particular attention on how policies intended to address low 

socioeconomic status might also affect child maltreatment (Bullinger, Lindo, et al., 2021; 

Maguire-Jack et al., 2021).  

Background 

What is child maltreatment 

The federal government, via the Child Abuse Prevention and Treatment Act 

(CAPTA), establishes minimum definitions of child abuse and neglect, though states are 

free to expand upon federally established minimum definitions (Child Welfare 

Information Gateway, 2019). CAPTA defines child abuse and neglect as “any recent act 

or failure to act on the part of a parent or caregiver that results in death, serious physical 

or emotional harm, sexual abuse, or exploitation, or an act or failure to act that presents 

an imminent risk of serious harm” (CAPTA Reauthorization Act of 2010, 2010).  

Child maltreatment encompasses a wide variety of caregiver behaviors. Broad 

categories for those behaviors include physical abuse, which constitutes 17.5 percent of 

all maltreatment reports; neglect, 74.9 percent of all reports; medical neglect, a subset of 
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neglect, 2.3 percent of all reports; sexual abuse, 9.3 percent of all reports, and 

emotional/psychological abuse, 6.1 percent of all reports (U.S. Department of Health & 

Human Services, Administration for Children and Families, Administration on Children, 

Youth and Families, Children’s Bureau, 2021).  

Physical abuse is understood to be “‘any nonaccidental physical injury to the 

child’ and can include striking, kicking, burning, or biting the child, or any action that 

results in a physical impairment of the child” (Child Welfare Information Gateway, 2019, 

p. 2).  

Neglect is considered failure of a caregiver “to provide needed food, clothing, 

shelter, medical care, or supervision to the degree that the child’s health, safety, and well-

being are threatened with harm” (Child Welfare Information Gateway, 2019, p. 2). 

Another broader interpretation of neglect is “the presence of certain deficiencies in 

caretaker obligations… that harm the child’s psychological and/or physical health. Child 

neglect covers a range of behaviors including educational, supervisory, medical, physical, 

and emotional neglect, and abandonment” (National Research Council, 1993, pp. 59–60). 

Medical neglect, the subset of child neglect related specifically to medical care, is 

generally understood as caretaker failure to provide requisite medical treatment, though 

what constitutes requisite treatment may vary by state (Child Welfare Information 

Gateway, 2019).  

As with other types of maltreatment, specific definitions of sexual abuse vary by 

state – some include general definitions and others specify explicit acts that constitute 

sexual abuse (Child Welfare Information Gateway, 2019). One general definition 
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“includes incest, sexual assault by a relative or stranger, fondling of genital areas, 

exposure to indecent acts, sexual rituals, or involvement in child pornography” (National 

Research Council, 1993, p. 59).  

The Child Maltreatment series of reports released annually by the Children’s 

Bureau counts substantiated cases of maltreatment in the United States, by type. In 2019, 

there were 656,243 children confirmed victims of child maltreatment. That includes 

491,710 children confirmed neglected; 115,100 children confirmed physically abused; 

60,927 children confirmed sexually abused; 44,595 children with confirmed “other” types 

of maltreatment; 39,824 children confirmed psychologically maltreated; and 15,092 

children confirmed medically neglected (U.S. Department of Health & Human Services, 

Administration for Children and Families, Administration on Children, Youth and 

Families, Children’s Bureau, 2021). These numbers undercount the real incidence of 

maltreatment in several ways: 1) they count children confirmed maltreated, but not 

instances of maltreatment; if one child were maltreated in the same way multiple times 

they would be counted only once, 2) they count only the subset of reports found to be 

substantiated, and substantiation does not adequately measure risk to children (Hussey et 

al., 2005; Kohl et al., 2009), and 3) only instances of maltreatment which are reported in 

the first place can be investigated and found substantiated or not; if incidents of 

maltreatment are not reported, they are not counted by definition.  

Etiology of child maltreatment 

Unravelling the factors that influence child maltreatment risk is complicated. 

Early research attempted to identify individual causal factors like child or parent 
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characteristics, but in more recent decades perspectives have shifted to ecological models 

that consider interactions of a wider array of risk factors (Austin et al., 2020; MacKenzie 

et al., 2011; National Research Council, 1993). The Fourth National Incidence Study on 

Child Abuse and Neglect (NIS-4), considered “the largest epidemiological study to date 

designed to measure actual child maltreatment in the United States” (Drake & Jonson-

Reid, 2013), found a number of factors had significant associations with child 

maltreatment incidence (Sedlak et al., 2010). Parental employment was associated with 

reduced child maltreatment rates (p. 135). Household low SES, which is jointly 

determined by income, antipoverty program participation, and parental education, was 

significantly associated with higher incidence of maltreatment and maltreatment severity 

(p. 142). Children living with one parent and an unmarried partner had 8 times greater 

rate of maltreatment compared to children living with two married biological parents (p. 

151) and children in larger families had consistently higher rates of maltreatment than 

those in smaller families (p. 175). Parental alcohol and drug use were also associated with 

increased risk of maltreatment (p. 207). These findings are generally supported 

throughout child maltreatment literature.  

Factors of particular interest in this paper are poverty and low socioeconomic 

status. There are two commonly used models in the child welfare literature which explain 

how “economic factors produce maladaptive outcomes” (Warren & Font, 2015, p. 16). 

One is the family stress model (Conger, 1994; Conrad et al., 2020; Maguire-Jack et al., 

2021; Warren & Font, 2015), which posits that economic stress harms caregiver mental 

and behavioral health, which can lead to inhibited capacity for caregiving. Another is the 
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family investment model (Conrad et al., 2020; Maguire-Jack et al., 2021; Warren & Font, 

2015), which posits that family receipt of economic support, such as from antipoverty 

programs, allows caregivers to invest additional resources into their families, reducing 

maltreatment risk. Taken together, the family stress and family investment models offer 

both an explanation for how poverty can contribute to increased risk of child 

maltreatment and how antipoverty programs might help to alleviate that economic stress 

and curb maltreatment risk. 

One critical observation is that no one factor successfully predicts child 

maltreatment incidence, but a variety of factors at individual, family, and higher levels 

interact in ways that do influence maltreatment risk (MacKenzie et al., 2011). An 

important implication is that while factors like low SES and poverty have been identified 

as contributing to maltreatment risk, that does not imply that all families experiencing 

poverty or low SES maltreat their children. Rather, these factors contribute to increased 

risk, but they also interact with other individual, family, and environmental factors that 

might make maltreatment more or less likely.  

Socioeconomic status 

Low socioeconomic status and poverty are linked to risk of being reported for 

child maltreatment. Families in poverty are overrepresented in the child welfare system 

relative to families not in poverty (Jonson-Reid et al., 2009). One critical question is 

whether that overrepresentation is due to real higher risk of maltreatment or if it is instead 

due to systemic bias against families living in poverty.  
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Researchers and policymakers alike have commonly assumed that the 

overrepresentation is due, at least in part, to bias (H. Kim et al., 2018). Class-based 

visibility bias would occur mostly with professional reporters of maltreatment because 

families are assumed to have increased exposure to mandatory reporters. That increased 

exposure, due to contact with a range of service providers, would mean higher likelihood 

of reporting for maltreatment even if real maltreatment risk were not elevated. However, 

class-based bias in child maltreatment reporting has been thoroughly assessed and the 

theory is not supported empirically (Drake & Zuravin, 1998; Jonson-Reid et al., 2009; H. 

Kim et al., 2018). The child welfare literature is converging on the conclusion that the 

overrepresentation of children from poor families in the child welfare system is not 

driven by artificial inflation due to bias in maltreatment reporting, but instead is being 

driven by real elevated risk of maltreatment incidence (Drake et al., 2021; Drake & 

Zuravin, 1998; Jonson-Reid et al., 2009; H. Kim et al., 2018). Poverty does make 

maltreatment reports more likely, but that appears to be because poverty makes 

maltreatment more likely.  

Poverty and low socioeconomic status might be linked to heightened risk for child 

maltreatment for a variety of reasons. Poverty might make parents less able to provide a 

family’s material needs (Berger & Waldfogel, 2011, p. 8). This applies primarily to 

neglect. Families in poverty may not have the resources they need to give their children 

adequate food, clothing, housing, medical care, or other things they need. Lacking those 

resources could lead, even unintentionally, to child neglect. A recent report from Child 

Trends contends that every state in the U.S. includes at least one factor related to income 
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in child maltreatment definitions and only half of the states provide any sort of exemption 

related to financial inability to provide for children (Williams et al., 2022). Family stress 

and family investment theories offer further explanations for how poverty might lead to 

maltreatment, including types other than just neglect. Fewer resources mean higher levels 

of stress and lower capacity for investment in the family, each of which are associated 

with increased maltreatment risk.  

The NIS-4 identified low SES as a risk factor for maltreatment generally, and 

especially for neglect (Sedlak et al., 2010). Other studies reach similar conclusions. 

Berger (2004) used data from the National Longitudinal Survey of Youth, which includes 

observations of the same set of children in 1986, 1988, 1992, 1994, 1996, and 1998, to 

assess the relationship between family income and a range of child health measures and 

child maltreatment risk. That study found that as family income increases overall child 

maltreatment risk declines. One prospective longitudinal study tracked several hundred 

families over 10 years and found those with lower levels of maternal education had 

higher levels of maltreatment report risk (Dubowitz et al., 2011). Reviewing 

developments in child maltreatment research since the 1990s, Pelton (2015) noted that 

literature has consistently found associations between income and child maltreatment. 

One recent study found poverty does not just operate at the family level – poverty in 

surrounding areas also has implications for child maltreatment risk (H. Kim & Drake, 

2018).  

Identifying the causal effect of income on child maltreatment requires moving 

beyond examining associations between income and maltreatment. One strategy exploits 
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various types of tax changes as shocks to family incomes, or to consumption of particular 

types of goods related to child maltreatment, such as alcohol. McLaughlin (2019) 

examined the association between state-level alcohol taxes and state-level child 

maltreatment rates and found an inverse relationship: increasing alcohol excise taxes are 

associated with reductions in child maltreatment. While in general taxes would be 

considered to be effectively reducing income and would thus be expected to increase 

maltreatment (family stress theory), in this case alcohol taxes increase the cost of a good 

with positive associations with child maltreatment (more alcohol consumption is 

associated with more child maltreatment), decreasing consumption of alcohol. 

McLaughlin (2017) used variation in gas taxes to measure the impact of exogenous 

shocks to family income on child maltreatment referral risk. This study used state-level 

panel data from 2000-2010 and included data on several socioeconomic covariates in 

addition to gas price data. The study assessed the association between gas prices and 

child maltreatment referrals and found that a $1 increase in the state average gas price is 

associated with an increase of between 5.32 and 6.42 children per thousand reported as 

victims of child maltreatment. Gas taxes increase the cost of a good whose demand is 

relatively less elastic than alcohol, and those costs are pushed disproportionately onto 

people with lower incomes; as a result, gas tax increases are associated with increases in 

multiple types of child maltreatment. Income tax effects are more ambiguous compared 

to alcohol or gas taxes, potentially because families with very low incomes may not be 

subject to income taxation (Mclaughlin, 2018).  
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Assessments of associations between poverty and child maltreatment are not 

limited just to income. Studies have also assessed impacts separately of additional factors 

related to low SES, including housing insecurity and food insecurity. Warren and Font 

(2015) found an association between housing insecurity and abuse and neglect. Marcal 

(2018) used propensity score matching to identify the impact of exposure to housing 

insecurity on child maltreatment and find a statistically significant but small increase in 

maltreatment reporting risk. Food insecurity is also associated with heightened 

maltreatment risk, primarily due to food insecurity’s strong associations with both low 

SES and higher levels of psychological distress. Jackson et al., (2018) found households 

experiencing food insecurity have six times higher predicted probability of childhood 

exposure to violence. Helton et al., (2019) also found food insecurity is associated with 

increased risk of psychological and physical aggression from caregivers to children. Yang 

(2015) examined the association between material hardship and child maltreatment and 

found higher levels of material hardship are strongly correlated with child maltreatment 

reports, including both neglect and physical abuse. These results support the theory that 

low SES and poverty are risk factors for maltreatment and that the family stress model is 

a good explanation for that observed relationship.  

Antipoverty programs  

Many studies that have examined the relationship between child maltreatment risk 

and income, poverty, and SES have found correlations but until recently tended to lack 

causal estimation strategies (Bullinger, Lindo, et al., 2021; Drake et al., 2021; Pelton, 

2015). A burgeoning subset of literature on maltreatment and poverty utilizes causal 
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estimation strategies and public policy changes in a variety of areas to identify not just 

associations but also causal effects. Maguire-Jack et al., (2021) reviewed literature on the 

impact of programs such as Temporary Assistance for Needy Families (TANF), child 

care subsidies, the Supplemental Nutrition Assistance Program (SNAP), and the Earned 

Income Tax Credit (EITC) on child maltreatment. That review’s general finding was that 

antipoverty programs that offer cash or near-cash assistance to families may promote 

healthier families and reduce child maltreatment risk, though they also noted causal 

analysis of the impact of economic support programs is difficult due to concerns with 

omitted variable bias.  

EITC 

The EITC is a large federal antipoverty program considered to be “the most 

important means-tested transfer program in the United States….  [I]t has grown to be one 

of the largest and least controversial elements of the U.S. welfare state, with 26.7 million 

recipients sharing $63 billion in total federal EITC expenditures in 2013” (Nichols & 

Rothstein, 2016, p. 137). Between 2017 and 2020, the number of recipients has 

consistently hovered around 25 million workers and families and total benefits have 

varied between $60-63 billion (Internal Revenue Service, 2022). The EITC is a tax credit 

for people who are working and have low to moderate incomes. For workers with higher 

incomes but below the maximum threshold, it can reduce federal tax burdens. At lower 

income levels, the EITC can eliminate federal tax burden or, if the EITC is greater than 

tax liability, yield a tax refund. Working parents with children are the group targeted 
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primarily by EITC, though working adults without children may also qualify for smaller 

benefits (Marr et al., 2015).  

In addition to the federal EITC, states and some localities have also established 

their own versions of the EITC (Internal Revenue Service, 2021). One benefit of the 

existence of state EITC programs is that variation in those programs can be used as a 

natural policy experiment to measure the impact of EITC on child maltreatment. Prior 

literature has examined the effect of the EITC on child maltreatment as well as EITC’s 

impact on a variety of other outcomes of interest.  

Berger et al., (2017) used the EITC to measure how income affects child 

maltreatment risk in families with unmarried parents. The paper implemented a causal 

estimation strategy by using variation in state EITC generosity as an instrument for 

incomes in order to identify the effects of exogenous increases in incomes on child 

maltreatment. Drawing data from the Fragile Families and Child Wellbeing Study 

(FFCW), limited to children and families who could be impacted by EITC, the 

researchers considered both self-reported involvement with Child Protective Services 

(CPS) and “behaviorally approximated measures of child abuse and child neglect” (p. 

1346). The paper found “an exogenous increase in income is associated with a modest 

reduction in behaviorally approximated child neglect and relatively large reduction in 

CPS involvement, particularly among low-income single-mother families” (p. 1346). 

This study represents a massive leap forward in literature on the causal relationship 

between income and child maltreatment. EITC as an instrument is a novel approach that 

offers a viable causal estimation strategy with less potential for confounding variables. 
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The underlying assumption to this approach is that EITC only affects maltreatment via 

income effects and no other direct pathways.  

Klevens et al. (2017) assessed the relationship between EITC and hospital 

admissions due to abusive head trauma in children under two years old. They aggregated 

admissions to the state-level and analyzed the relationship via difference-in-difference 

analysis of state-level panels from 1995 to 2013. The paper found that the effect of state 

EITC programs varies by EITC status: refundable EITCs are associated with reductions 

in abusive head trauma (3.1 admissions per 100,000 children), but nonrefundable EITCs 

were not statistically significant.  

One issue closely tied to child maltreatment is foster care. Foster care offers 

temporary or permanent alternative placement for children separated from their families 

(Font & Gershoff, 2020). Biehl and Hill (2018) assessed the impact of the 2009 American 

Recovery and Reinvestment Act (ARRA) temporary EITC benefit expansion on state-

level foster care entry rates. They used state-level panel data from 2004 to 2014 and a 

difference-in-difference strategy that compares states with EITC programs after the 

federal expansion (which, because states typically set their benefits as a percentage of the 

federal benefit, also led to state benefit expansions) to themselves pre-expansion and to 

states without EITC programs before and after the federal expansion. That study found 

EITC expansions led to reductions in foster care entry rates. Another similar study found 

state refundable EITC is associated with reductions in foster care caseloads of about 11 

percent (Rostad et al., 2020). 
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Those studies empirically test whether EITC has an impact on child maltreatment 

and related outcomes. Other research also supports the proposed theoretical models 

linking EITC and child maltreatment. One study used individual-level Pregnancy Risk 

Assessment Monitoring System data from 1990-2017 to identify impacts of state EITC 

policy variation on depression and alcohol consumption of birthing persons. That study 

found increases in state EITC generosity are associated with reductions in maternal 

alcohol consumption (Morgan et al., 2022).  

Averett and Wang (2018) considered how the 1993 expansion of EITC impacted 

several factors including child health, home environment quality, and child noncognitive 

skills. The paper used data from the 1979 National Longitudinal Survey of Youth. This 

survey sampled 12,686 people and followed those people longitudinally through annual 

and then bi-annual interviews through 2010. The sample frame included data before and 

after the 1993 EITC expansion, enabling researchers to see the impact of EITC expansion 

on family incomes for the same families before and after the expansion. The paper found 

EITC expansion led to improvements in home environmental quality for some children 

and improved child health rating. EITC is associated with reduced financial distress, also.  

One small sample study (n=314) of rural low-income mothers found that non-

participation in EITC is associated with greater levels of financial stress (Gudmunson et 

al., 2010). Another study used Behavioral Risk Factor Surveillance System survey 

records from 1993-2016 to assess the relationship between state EITC generosity and 

health indicators (Morgan et al., 2020). Findings indicated increased benefit generosity is 

associated with reductions in frequent mental distress and reductions in frequent poor 
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physical health (both which might reasonably be expected to reduce maltreatment risk). 

Another study assessed a pilot program in Chicago – the Earned Income Tax Credit 

Period Payment Pilot – and its relationship with food insecurity for low-income families 

(Andrade et al., 2019). That pilot paid out portions of family EITCs periodically over the 

course of a year, rather than in single lump sums. Periodic payments are hypothesized to 

reduce food insecurity by helping families to have more consistent incomes; study results 

indicate the pilot did reduce food insecurity. An earlier study used the National Health 

and Nutrition Survey to estimate effects of EITC on health outcomes and found it 

reduced food insecurity and smoking (Rehkopf et al., 2014).  

Literature on the EITC indicates that it is associated with improved child and 

adult health, better family environments, reduced alcohol consumption, reduced food 

insecurity, and reduced financial stress. EITC receipt directly lifts millions of families 

above the federal poverty line (Nichols & Rothstein, 2016). Causal studies indicate the 

EITC reduces child maltreatment. Both theoretical models, family stress and family 

investment, are supported by the literature, giving good reason to expect the EITC would 

reduce child maltreatment. Empirical results support that theoretical expectation and 

show EITC does lead to reductions in child maltreatment.  

SNAP 

The Supplemental Nutrition Assistance Program (SNAP), previously known as 

the Food Stamp Program, cost approximately $65 billion in 2019, making it one of the 

largest means-tested transfer programs in the United States (Congressional Budget 

Office, 2019). SNAP disburses funds via “largely unrestricted vouchers” to enable 
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recipients to “purchase most foods at grocery stores or other authorized retailers” 

(Hoynes & Whitmore Schanzenbach, 2016, p. 220). While SNAP does allow for some 

policy variation by states, the program is fully federally funded (except for administrative 

costs, of which states pay half), has “universal eligibility” so that anyone who qualifies 

based on need is eligible, and is countercyclical in that the number of recipients rises 

during economic downturns (Hoynes & Whitmore Schanzenbach, 2016).  

SNAP should reduce maltreatment and especially child neglect risk via both 

family stress and family investment models, even considering it just as a cash transfer 

program. Beyond those perspectives, SNAP may have additional implications due to its 

emphasis on reducing food insecurity and improving nutrition: food insecurity 

contributes to family stress and increases in family resources probably increase 

investment in the family. Benefits specifically from increasing food expenditures extend 

further: families having more resources for food would be expected to lead to them 

consuming more and better foods (Carlson & Keith-Jennings, 2018), improving parental 

and child health. Improved parent and child health may decrease maltreatment risk, and 

increased access to food should also decrease food-related neglect.  

Lee and Mackey-Bilaver (2007) wrote the first paper assessing a relationship 

between SNAP/WIC benefit receipt and child maltreatment. Prior research on WIC and 

SNAP benefits did examine the effect that WIC and SNAP had on a variety of children’s 

health outcomes, but theirs was the first paper to specifically look at child maltreatment. 

That paper used individual-level services records from the Integrated Database on 

Children’s Services in Illinois 1990 and 1996 and found participation in SNAP was 
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associated with reductions in both child abuse and neglect. That study offers excellent 

foundational research on the question of whether there is an association between SNAP 

and reductions in child maltreatment. However, its limited sample – just children in 

Illinois in the early to mid-1990s – limits the study’s generalizability, and the study did 

not offer a causal identification strategy.  

Another study examined the effect of retailers accepting SNAP, rather than SNAP 

receipt itself. Bullinger, Fleckman, and Fong (2021) examined census-block data in 

Connecticut from 2011-2015 and found that in large rural areas each additional store 

accepting SNAP is associated with 4.4 percent reductions in the child maltreatment report 

rate and 11.3 percent reductions in substantiated child maltreatment, with most of that 

change driven by reductions in neglect. Beyond its contribution to literature on SNAP 

and maltreatment generally, which is substantial, one massive contribution from this 

paper is its identification of a way to see effects of SNAP without considering SNAP 

recipients or benefits themselves. More SNAP retailers increases the value of SNAP 

benefits without explicitly increasing SNAP receipt or spending. Changes in the number 

of SNAP retailers are also less subject to the standard identification problem of increased 

SNAP benefits/recipients being closely tied to economic downturns.  

That identification problem is neatly illustrated by a study of correlations between 

social service availability/receipt and child maltreatment (Maguire-Jack & Negash, 

2016). That study used a sample (n=1053) of parents in one county in Ohio and found 

that availability of services is negatively associated with maltreatment, but that actual 

receipt of services is positively associated. One limitation of this study is that its design 



19 

 

did not allow the researchers to find the causal effect of receipt of services. Parents seek 

services because they need them, and so if the factors that create that need cannot be 

adequately controlled for, the effect of the services may be obscured by the effect of the 

factors that contribute to need for services. This is an identification problem: if services 

might have an effect in reducing maltreatment, but factors that contribute to receipt of 

services are also correlated with maltreatment, then the problem is identifying the effect 

of services separate from the factors that make families need the services.  

In addition to the approach utilized in the SNAP retailer study, another solution is 

to use policy changes as exogenous shocks to benefit receipt. One policy which might be 

used to identify causal effects of changes in SNAP enrollment is broad-based categorical 

eligibility (BBCE), under which “households may become categorically eligible for 

SNAP because they qualify for a non-cash Temporary Assistance for Needy Families 

(TANF) or State maintenance of effort (MOE) funded benefit,” (United States 

Department of Agriculture, 2018, p. 1). SNAP BBCE varies both by state and over time. 

This approach solves the identification problem outlined above: in the case of BBCE 

implementation, SNAP receipt may have grown not because more people were 

necessarily seeking SNAP benefits, but because eligibility criteria expanded. Thus, 

SNAP receipt growth may have been due largely to an exogenous policy shift – many 

people qualified who did not previously – rather than shifts in SES or associated need. 

Because the enrollment change was due to an exogenous factor rather than a 

socioeconomic one, this makes it feasible to examine the effect of SNAP specifically 

rather than SES, which SNAP usually correlates with. 
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While such an approach has not been used before to examine child maltreatment 

as the dependent variable, taking such an approach is supported by research looking into 

the effects of state SNAP policy variation on SNAP enrollment, parent and child health, 

and economic factors (Andrews & Smallwood, 2012; Breck, 2018; Ganong & Liebman, 

2018; Gregory, 2014; Han, 2016; Klerman & Danielson, 2011; Mabli et al., 2009; Pender 

et al., 2015; Pinard et al., 2017; Ratcliffe et al., 2008).  

Miller and Morrissey (2017) examined the impact of SNAP on health outcomes 

for children and adults. Data were drawn from restricted National Health Interview 

Survey (NHIS) from 2008 to 2014. The paper used an instrumental variables (IV) 

approach to assess the causal effect of SNAP receipt, instrumenting SNAP receipt with 

state policy variations and the temporary benefit expansion from the ARRA. It found that 

SNAP benefit receipt leads to improved health and reductions in foregone medical care. 

Breck (2018) used state SNAP policy variation and IV techniques, with NHIS data paired 

with Medicaid claims and expenditure data. One finding was that  SNAP receipt leads to 

lower Medicaid spending and that the effect is strongest in the year benefits are received 

and one year later (2018). 

Two additional papers assessed the impact of SNAP on material hardship and 

whether SNAP benefits lead to changes in non-food spending. Both articles offer critical 

insights both supporting the theoretical model for how SNAP might reduce child 

maltreatment and indicating ways to structure models assessing that relationship. Han 

(2016) examined the effect of SNAP on material hardships, specifically looking at the 

impact of broad-based categorical eligibility expansions. The paper used data from the 
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Survey of Income and Program Participation (SIPP) and the Current Population Survey’s 

Food Security Supplement and difference-in-difference and triple difference approaches. 

The paper offered several critical results: BBCE increases SNAP enrollment, it reduces 

non-food hardships, and it reduces food insecurity in households with children. That 

SNAP decreases nonfood hardships and leads to improvements in food security in 

households with children support the theory that SNAP might reduce child maltreatment. 

Reductions in food insecurity and nonfood hardships support the idea that SNAP 

decreases family stress and increases family investment, and that SNAP might directly 

reduce child neglect by providing resources for food. Kim (2016) also found SNAP 

increases spending on food and frees up resources for mortgage payments, rent, utilities, 

and transportation.  

SNAP also reduces food insecurity. While this is intuitive given that SNAP 

provides resources to purchase food to people with low incomes, supporting that 

conclusion empirically is valuable. Ratcliffe and McKernan (2010), using data from the 

SIPP in 1996, 2001, and 2004 and an IV approach, found SNAP receipt reduces the 

probability of being food insecure by 30 percent and very food insecure by 20 percent. 

Food insecurity may be directly related to child maltreatment insofar as food insecurity 

leads to food neglect, a subtype of neglect. Beyond that relationship, food insecurity may 

also contribute to child maltreatment risk more generally by contributing to family stress.  

Multiple studies suggest food insecurity contributes to child maltreatment. One 

study analyzed Early Childhood Longitudinal Study-Birth Cohort data and found “the 

predicted probability of early childhood exposure to violence and/or victimization in the 
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home is nearly 6 times greater in persistently food-insecure households” (Jackson et al., 

2018, p. 756). Another study, analyzing data from the Longitudinal Studies on Child 

Abuse and Neglect, found increases in household food insecurity were associated with 

increased risk of physical abuse (Helton, 2018). Analyses of data from the FFCW also 

showed that food insecurity is associated with increased psychological and physical 

aggression (Helton et al., 2019).  

In summary, findings from the literature support the theoretical models behind the 

relationship between SNAP and child maltreatment. Food insecurity contributes to 

maltreatment risk and SNAP directly reduces food insecurity. SNAP also reduces 

material hardships and family stress, increases nonfood spending, and improves adult and 

child health. These support both family stress and family investment models theoretically 

linking SNAP to reductions in child maltreatment. While studies on the relationship 

between SNAP and child maltreatment are more limited, available analyses show SNAP 

is associated with reductions in child maltreatment, especially neglect. Future research 

should utilize causal methods as implemented in other studies on the impact of SNAP to 

identify whether SNAP leads to reductions in child maltreatment.  

Medicaid 

Like EITC and SNAP, Medicaid is a means-tested program. It provides 

government funded health insurance to people with low incomes and certain other 

qualifying conditions. Medicaid is financed jointly by the federal and state governments 

and is administered by the states. In 2019, Medicaid provided coverage to about 72 

million people and cost about $593 billion, of which 62.5 percent was federally funded 
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and 37.5 percent was state funded (Rudowitz et al., 2019). Medicaid’s antipoverty effects 

are “comparable to the combined effect of all nonhealth social insurance programs and 

greater than the effects of means tested benefits and of refundable federal tax credits” 

(Remler et al., 2017), suggesting Medicaid may be the largest and one of the most 

effective antipoverty programs in the United States. When considering effects 

specifically for children, Medicaid reduces the poverty rate by 5.3 percentage points, 

comparable to other means tested programs but slightly smaller than the effect of tax 

credits (Remler et al., 2017).  

Medicaid is hypothesized to reduce child maltreatment in several ways. First, as 

an effective antipoverty program (Remler et al., 2017; Zewde & Wimer, 2019), it may 

operate via both family stress and family investment models. Since consumption of 

health care is somewhat inelastic by both price and income (Ringel et al., 2002), 

Medicaid should offset the cost of medical care (Levy et al., 2019), which would be 

expected to de facto increase family discretionary incomes (Coleman et al., 2002; Zewde 

& Wimer, 2019). Higher discretionary income should both reduce financial stress and 

allow caregivers to invest additional resources in the family.  

Beyond those income effects, Medicaid also increases access to and consumption 

of health care (Mazurenko et al., 2018). For children, more visits to health care providers 

means increased opportunity for caregivers to be referred to preventive programs or other 

resources (Flaherty & Stirling, 2010; Mayo Clinic, 2015), as well as increased exposure 

to mandatory reporters of child maltreatment, so instances of maltreatment may be 

detected earlier and referred to preventive services or to Child Protective Services as 
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appropriate (Child Welfare Information Gateway, 2015; Flaherty et al., 2000, 2006, 

2008). For parents, greater access to health care might mean more behavioral health 

treatment or better mental health (Baicker et al., 2013; Mark et al., 2015), and/or 

improved substance abuse treatment (Gertner et al., 2020; Grooms & Ortega, 2019; 

Wells, 2009). 

A few papers have empirically tested the relationship between health insurance 

and child maltreatment. Miyamoto et al. (2017) examined individual level CPS cases 

from a county in northern California. Their data did not include income or socioeconomic 

status, so eligibility for Medi-Cal, California’s Medicaid program, was used as a proxy 

for poverty. The paper found that children who were eligible for Medi-Cal had lower 

odds of being seriously maltreated compared to children who were not eligible and noted 

that Medi-Cal might improve health care access for recipients. Thurston et al. (2017) 

used a similar dataset from a single large county in California and found Medi-Cal 

eligibility shows a negative association with risk of becoming a child maltreatment case. 

The paper suffers from the same limitation as Miyamoto et al. with regard to SES: that is, 

the paper uses Medi-Cal eligibility as a proxy for poverty, and as such cannot separate the 

effect of Medi-Cal eligibility from its socioeconomic implications. McCray (2018) 

assessed the correlations between health care coverage, including Medicaid and private 

coverage, and child physical abuse. The paper used state-level panel data and linear 

regression methods and finds an association between both private health insurance and 

Medicaid coverage and reductions in physical abuse. That paper also did not include a 

causal estimation strategy.  
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Several papers assessed the degree to which children involved in the child welfare 

system maintain health care coverage (Raghavan et al., 2008, 2009, 2016). These papers 

used a variety of approaches to examine the extent of health care coverage for child 

welfare-involved children and whether children maintain health care coverage over time. 

Another important line of research has identified an association between access to health 

care for children and child maltreatment. Stockwell, Brown, Chen, and Irigoyen (2007) 

found that children who are two years old or younger and lacking a primary care provider 

are 4 times more likely to be maltreated compared with children with a provider and 

Stockwell, Brown, Chen, Vaughan, and Irigoyen (2008) found that underimmunization 

was associated with a four times greater likelihood of being abused physically. The 

results from these two papers offer additional support to the argument that factors that 

determine a child’s likelihood of having access to health care may also impact the 

likelihood that the child is maltreated, though it is important to note that the studies are 

not causal and do not establish the direction of the observed relationship. As such, reverse 

causality might well be involved: children who are maltreated may be less likely to be 

taken to the doctor, potentially for fear of detection of the maltreatment.  

As with EITC and SNAP, studying the impact of Medicaid on child maltreatment 

outcomes is complicated because factors that influence eligibility for Medicaid, such as 

low SES, also influence child maltreatment risk. Estimating the impact of Medicaid on 

child maltreatment separately from correlations with SES requires an identification 

strategy. One strategy used in a number of studies on Medicaid is to exploit variation in 

state decisions to expand Medicaid eligibility via the Patient Protection and Affordable 
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Care Act (ACA). The ACA originally required all states to expand Medicaid, but a U.S. 

Supreme Court decision in the case of the National Federation of Independent Business 

v. Sebelius made Medicaid expansions optional for states. Because some states elected to 

expand and others did not, this resulted in a natural quasi-experiment with some treated 

and some not treated states. While often considered primarily to be expansions for 

childless adults, ACA Medicaid expansions also affected parents – one estimate suggests 

reductions between 4.5 and 9.8 percent in uninsured rates for low income parents 

(McMorrow et al., 2017). Medicaid expansion for adults also appears to have had strong 

welcome mat (aka woodwork) effects on coverage for children (Hudson & Moriya, 

2017). 

Several recent studies examined the impact of Medicaid expansions on child 

maltreatment. Pac (2019) examined the relationship between Medicaid coverage for 

adults and child maltreatment, assessing the impact of California’s early Medicaid 

expansion on child maltreatment cases using county-level monthly panel data. That 

approach included a causal estimation strategy and found that the early expansion led to 

an 11 percent decrease in child physical abuse, though it detected no effect on neglect. 

Because the paper considered only California’s early Medicaid expansion, and Medicaid 

programs varied substantially by state, the study’s generalizability to Medicaid 

expansions in other states may be limited. Brown et al. (2019) examined the impact of 

state Medicaid expansion decisions on child physical abuse and neglect and found an 

association between expansion and reductions in neglect, though not physical abuse. That 

paper used state-year level maltreatment data from 2010 through 2016 and performed 
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difference-in-difference (DiD) analysis to compare expansion states to themselves pre-

expansion and to non-expansion states. McGinty et al. (2022) used state-year panel data 

(2008-2018) to examine the impact of state Medicaid expansion decisions on child 

physical abuse and neglect reports, and found an association between expansion and 

reductions in neglect reports and a statistically insignificant reduction in physical abuse. 

Assini-Meytin et al., (2022) used a similar dataset and analytical approach as McGinty et 

al., (2022) and found no association between ACA Medicaid expansions and child sexual 

abuse.  

Medicaid has strong direct antipoverty effects. It reduces uncertainty related to 

health care expenditures, decreases family health care spending, increases family 

discretionary incomes, and reduces family financial stress and increases family 

investment. It leads to greater access to and utilization of health care by both adults and 

children, which might prevent child maltreatment for several reasons. These findings in 

the literature support the hypothesis that Medicaid reduces child maltreatment risk. 

Available empirical analyses of that hypothesis support the conclusion that Medicaid 

leads to reductions in child maltreatment.  

TANF 

Temporary Assistance for Needy Families (TANF) replaced Aid to Families with 

Dependent Children (AFDC) after the Personal Responsibility and Work Opportunity 

Reconciliation Act of 1996 (commonly referred to as welfare reform). AFDC was a 

countercyclical entitlement program whose “federal open-ended obligation to states… 

rose and fell with the health of the state’s macroeconomy” funded via federal-state 
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matching grant (Ziliak, 2016, p. 313), similar to Medicaid. AFDC “provided income 

support in the form of cash assistance to families with children” (Center on Budget and 

Policy Priorities, 2022, p. 1). In contrast to AFDC, TANF is funded via federal block-

grants to states and states can choose how to design and operate their programs using 

those funds. TANF established work requirements and attempts to incentivize two-parent 

families, among other changes. In 2019, total federal and state TANF and MOE spending 

was about $30.9 billion, of which 21.1 percent was for basic assistance, 10.5 percent for 

job training, and 16.3 percent for child care (Office of Family Assistance, 2020).  

As a form of income support, AFDC/TANF would be expected to reduce 

maltreatment risk via both family stress and family investment theories. If TANF 

successfully encouraged employment or two-parent families, there might be additional 

effects in reducing maltreatment risk, as both unemployment and single-parent families 

have been identified as risk factors for child maltreatment (Sedlak et al., 2010). In a study 

of the effect of income and related programs on child maltreatment, Berger (2004) found 

an association between more generous AFDC/TANF and SNAP benefits and increased 

dental care and reduced spanking of children.  

However, since TANF is a much more restricted program compared to AFDC, the 

transition from AFDC to TANF presents an opportunity for researchers to assess the 

effect of reductions in benefit generosity, as does TANF’s more substantial by-state 

policy variation (Maguire-Jack et al., 2021). Examinations of state-level panel data 

suggest more generous benefits are associated with lower foster care rates (Paxson & 

Waldfogel, 2002, 2003), and additional restrictions on benefit receipt are associated with 
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increases in maltreatment (Paxson & Waldfogel, 2003). Another study using data from 

the FFCW found that increases in TANF benefits are associated with reductions in 

physical abuse and time limits for TANF receipt are associated with increased physical 

abuse (Spencer et al., 2021).  

Analyses of TANF programs in individual states and localities find similar results. 

Shook (1999) found that reductions in welfare grants for people in Chicago, Illinois who 

were unemployed led to increased risk of involvement with the child welfare system, 

compared to people who were employed. Another study in Illinois found TANF sanctions 

increase child neglect reports (Slack et al., 2007). In Delaware, single parents subject to 

welfare reform changes (compared to randomly assigned cases not subject to welfare 

reform) had increased risk of child neglect (Fein & Lee, 2003). In Maryland, the Life 

After Welfare study observed 8900 families exiting TANF; that study found longer 

history of welfare receipt among families leaving TANF to be associated with increased 

risk of substantiated child maltreatment report after exiting TANF (Ovwigho et al., 

2003). In Wisconsin, applicants to TANF in 1999 had higher rates of CPS investigations 

compare to applicants to AFDC in 1996 (Courtney et al., 2005); explanations offered by 

researchers include: substantial declines in public assistance after welfare reform meant 

people applying in 1999 faced substantially higher levels of family stress compared to 

earlier applicants, or potentially that welfare reform “made life more difficult for very 

low-income families” (p. 150). In Ohio, a study using administrative data of public 

benefit receipt and child welfare found families forced to exit TANF had increased risk of 

substantiated child maltreatment (Beimers & Coulton, 2011). In Missouri, a study 
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examined duration of time of families on AFDC/TANF and Medicaid controlling for 

neighborhood poverty level and race and found increased time on AFDC/TANF and 

Medicaid is associated with increased risk of child maltreatment report (H. Kim & Drake, 

2017). In Arizona, reductions in the amount of time families can receive TANF benefits 

is associated with increased risk of child neglect (Albert, 2017).  

Cancian, Yang, and Slack (2013) assessed how changes in TANF policy and 

associated child support payment changes influence probability of maltreatment. In 

Wisconsin in the late 1990s, the state TANF program was structured to randomly assign 

some unmarried mothers to receive a full pass-through of child support payments and for 

other mothers to have TANF payments reduced based on child support payments – a 

partial pass-through. Random assignment of treatment and control groups allowed 

researchers to assess the causal impact of the full pass-through of child support payments 

on a variety of outcomes, including child maltreatment. This paper tracked 13,062 

mothers for two years from the start of the experiment and found that full-pass through of 

child support payments reduces the risk of child maltreatment.  

Available empirical research examining the relationship between TANF and child 

maltreatment shows that there is a strong and consistent association between more 

generous TANF benefits and reductions in maltreatment, including both reports and 

substantiated cases. The transition from more generous AFDC to less generous TANF is 

associated with increased child maltreatment risk.  
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Minimum wage 

While not a means tested transfer program, another policy with implications for 

family incomes that might reasonably be expected to also influence child maltreatment is 

the minimum wage. The federal government establishes a minimum wage, though states 

and localities can set minimum wages higher than the federal one.  

If the minimum wage is an effective antipoverty policy, then it might reduce child 

maltreatment risk via family stress and family investment theories. However, whether the 

minimum wage has an antipoverty effect is debated both theoretically and empirically. 

Theoretical economic models suggest that minimum wage increases the price of labor 

and correspondingly should decrease the employment of low wage workers. Empirical 

analyses of the relationship between minimum wages and employment are less 

conclusive. Studies from Card and Kreuger find, contrary to both standard economic 

theory and prior empirical work, that increases in minimum wages led to either no impact 

on employment or slight increases (Card & Krueger, 1994, 1995b, 1998). Other research 

in that series found that increases in the minimum wage led to increases in lower 

percentile wages, lower income inequality, and reductions in poverty (Card & Krueger, 

1995a). More recent studies continue that empirical ambiguity. Neumark et al., (2014) 

found that the minimum wage does impose some level of reductions in employment, 

whereas another study, reviewing research post-2000, concluded that “the weight of 

evidence [on the minimum wage] points to little or no employment response to modest 

increases” (Schmitt, 2015, p. 547). Elaborating on this controversy, another paper pointed 

out that estimating aggregate effects of the minimum wage across the United States 
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masks treatment effect heterogeneity by labor market concentration (Azar et al., 2019). 

Setting aside the empirical question of whether the minimum wage affects labor market 

outcomes, additional evidence suggests it does increase wages for low SES workers and 

may also increase incomes enough to raise some workers out of poverty (Addison & 

Blackburn, 1999; Bernstein & Shierholz, 2014; Stevans & Sessions, 2001).  

If the minimum wage raises incomes and does not reduce employment of low 

wage workers, it would be reasonable to conclude the program has antipoverty effects 

and that the minimum wage should decrease family financial stress and increase 

resources available for family investment; both would suggest increases in the minimum 

wage might decrease child maltreatment risk, especially child neglect.  

Three studies assess whether the minimum wage might affect child maltreatment 

or relevant parenting behaviors. Raissian and Bullinger (2017) considered quarterly state-

level panel data from 2004 to 2013 to assess how state minimum wage policies affect 

child maltreatment rates. They found that “a $1 increase in the minimum wage implies a 

statistically significant 9.6% decline in neglect reports” (Raissian & Bullinger, 2017, p. 

60). A paper using data from the FFCW found no statistically significant association 

between changes in minimum wages and self-reported child maltreatment, though it did 

find a small effect of reductions in self-reported neglect in one specification (Livingston 

et al., 2021). A separate study using the same dataset found increases in the minimum 

wage lead to reductions in spanking by mothers and fathers and reductions in physical 

and psychological aggression from mothers (Schneider et al., 2021).  
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Limitations 

The greatest limitation to the theory that antipoverty programs should lead to 

reductions in child maltreatment risk is that most research into these topics has 

historically tended to examine statistical associations but not offer causal identification 

strategies. While many studies have suggested correlations between increases in 

antipoverty programs and reductions in child maltreatment risk, those studies have tended 

to be subject to the identification problem described above: that there are often 

confounding factors – like economic downturns – that predict both increased antipoverty 

program enrollment or benefit receipt and increased child maltreatment risk. Available 

non-causal research suggests increases in income are generally associated with reductions 

in maltreatment risk, especially neglect. When considering specifically antipoverty 

programs, the literature suggests that policies which increase family discretionary 

incomes are associated with reductions in family stress and increases in resources 

available for family investment; both would imply decreased child maltreatment risk. 

Understanding whether these observed correlations indicate a causal effect of antipoverty 

programs on child maltreatment is more complicated.  

However, a growing body of recent research exploits natural policy variation, 

newer methods allowing for causal identification, and some instances of random 

assignment to identify causal effects of antipoverty programs. Available causal research 

finds increased incomes leads to reductions in child maltreatment. Future research should 

continue the recent trend of applying causal identification strategies to find causal effects 

of antipoverty programs on child maltreatment. 
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Discussion and conclusion 

Two theories explain why poverty might increase the risk of child maltreatment: 

family stress and family investment. In these theories, factors that reduce family incomes 

should increase family stress and diminish resources available for investment in the 

family; both should increase child maltreatment risk. Insofar as programs have successful 

antipoverty effects, they should diminish those effects and reduce child maltreatment 

risk. Studies into particular antipoverty programs, including the EITC, SNAP, Medicaid, 

and TANF, and other policies including the minimum wage and tax law, provide support 

to those predictions, though only more recent studies estimate robust causal effects rather 

than correlations. 

The preponderance of the evidence, including both associative and causal results, 

suggests that socioeconomic status and poverty are inextricably linked to child 

maltreatment risk. Antipoverty programs can raise family discretionary incomes, reduce 

family stress, and increase resources available for family investment. Particular programs 

may have additional effects, including reducing food insecurity, reducing uncertainty 

related to family health care expenditures, increasing access to health care, and generally 

making families physically and emotionally healthier. As a result, there is good reason to 

expect that more generous antipoverty programs can reduce child maltreatment.  
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2. THE IMPACT OF AFFORDABLE CARE ACT MEDICAID EXPANSIONS 

ON CHILD MALTREATMENT 

Abstract 

 

Hundreds of thousands of children each year are maltreated in the United States, 

according to counts of substantiated cases; millions more children are subject to reports 

of physical abuse, neglect, or other types of maltreatment; and further children experience 

unreported and uncounted cases of maltreatment. One factor that may reduce risk for 

maltreatment is health care coverage, either by improving socioeconomic status or by 

increasing exposure to health care providers. This study uses variation in state Medicaid 

expansion decisions to identify the causal effect of publicly funded health insurance on 

child maltreatment outcomes through event study and difference-in-differences 

frameworks. While this paper finds some evidence of a reduction in child neglect from 

January 2014 Medicaid expansions, in line with prior literature on this topic, these 

findings do not hold when early and late Medicaid expansion states are included. Results 

also show reductions in physical abuse and increases in medical neglect that are 

consistent across expansion specifications but which are both imprecisely estimated and 

sensitive to model specification.  
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Introduction 

Child maltreatment is an umbrella term which encompasses improper treatment of 

children by caretakers, typically understood to include physical abuse, sexual abuse, 

neglect, and psychological or emotional maltreatment (National Research Council, 1993, 

Chapter 1). The federal government establishes certain minimum thresholds for 

definitions of maltreatment categories, and states can expand their own definitions 

beyond those federal minimums. In 2018, there were an estimated 3,960,823 reports of 

child maltreatment in the United States; of those, 677,529 children were found to be 

victims of substantiated cases of child maltreatment, including 411,969 cases of neglect 

and 72,814 cases of physical abuse (U.S. Dept. of Health and Human Services, 

Administration for Children and Families, Administration on Children, Youth and 

Families, Children’s Bureau, 2020). Substantiated cases are almost certainly an 

underestimate for actual incidence of maltreatment, because this count includes only 

cases which were both reported to Child Protective Services (CPS) and found to be 

substantiated, but many cases of maltreatment are not reported (Sedlak et al., 2010) and 

are not counted in this measure. In addition to the immediate pain and suffering that 

every case of maltreatment represents, there are substantial long-term costs as well. 

Children who suffer maltreatment will spend the rest of their lives at a higher risk for a 

host of adverse health effects and chronic diseases including, but not limited to, heart 

disease,  obesity, high blood pressure, and cancer (Gilbert et al., 2015; Danese et al., 

2009; Felitti et al., 1998). The deleterious consequences go beyond physical symptoms: 

children who suffer maltreatment are also at higher risk for low academic achievement, 
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abuse of illicit substances, alcoholism, juvenile and adult criminality, and a variety of 

psychological disorders (Chapman et al., 2004; Felitti et al., 1998; Kisely et al., 2018; 

Lansford et al., 2002; Silverman et al., 1996). The average lifetime cost associated with 

each case of child maltreatment, when considering long-term impacts, amounts to 

hundreds of thousands of dollars in economic losses for society (Fang et al., 2012).  

Understanding the precise causal mechanisms behind child maltreatment can be 

difficult for a variety of reasons, including its relatively uncommon and deviant nature, 

the way many complex factors interact to influence risk, and variations in understandings 

of what constitute child maltreatment across both time and place (National Research 

Council, 1993, Chapter 4). To address these issues, researchers have developed the 

etiological-transactional model (ET), which “suggests that a broad set of causal and 

contributing factors is involved, including not only the presence of certain risk factors, 

but also the absence of protective or positive assets that can prevent the occurrence of 

abuse and neglect” (Chalk, 2012, p. 148). Socioeconomic status (SES) is a contributing 

risk factor for child maltreatment (National Research Council, 1993, Chapter 4) in the ET 

model, which will be described in more detail below. According to the fourth National 

Incidence Study on Child Abuse and Neglect (NIS-4), which was “the largest 

epidemiological study to date designed to measure actual child maltreatment in the 

United States” (Drake & Jonson-Reid, 2013, p. 133), low SES is associated with 3 times 

greater risk for abuse and 7 times greater risk for neglect (Sedlak et al., 2010). 

Medicaid is a means-tested program which provides government funded health 

insurance to more than 66 million people in the United States (Centers for Medicare & 
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Medicaid Services, 2018). The program, jointly funded by the federal and state 

governments, cost over $592 billion in federal fiscal year 2018 (Kaiser Family 

Foundation, 2019). As a program which provides health insurance to those below certain 

income thresholds, Medicaid might be considered an antipoverty program (Zewde & 

Wimer, 2019). As such, Medicaid might thus function as a protective factor within the 

etiological-transactional model, reducing the likelihood of child maltreatment. This paper 

first presents a theoretical model for a relationship between Medicaid and child 

maltreatment. Second, it attempts to assess that causal relationship empirically by using 

state variation in Medicaid expansion decisions to estimate difference-in-difference and 

event study models with county-level administrative data from the National Child Abuse 

and Neglect Data System (NCANDS).  

Theoretical model of health insurance and child maltreatment 

The etiological model of child maltreatment considers four levels of factors that 

might influence maltreatment risk: individual, family, community/environment, and 

culture (National Research Council, 1993, Chapter 4). Individual factors include child 

and parent factors like personality, disability, alcohol/drug consumption, and age. Family 

factors include family structure, relationships, income/poverty, and unemployment. 

Community factors would include factors like neighborhood characteristics, which could 

also include socioeconomic characteristics. Culture would include factors like broader 

cultural values. This paper considers the effect of health insurance on maltreatment at 

primarily the family level.  Family SES, including income, poverty, unemployment, and 

low educational attainment, is considered a risk factor for maltreatment, and Medicaid is 
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proposed as a protective factor that might mitigate maltreatment risk. Two theories 

explain why low SES would lead to increased child maltreatment risk: family stress and 

family investment. The family stress model (Conger, 1994; Conrad et al., 2020; Maguire-

Jack et al., 2021; Warren & Font, 2015) posits that economic stress harms caregiver 

mental and behavioral health, which can lead to inhibited capacity for caregiving. The 

family investment model (Conrad et al., 2020; Maguire-Jack et al., 2021; Warren & Font, 

2015) posits that family receipt of economic support, such as from antipoverty programs, 

allows caregivers to invest additional resources into their families, reducing maltreatment 

risk. 

As will be discussed in the methods section, this paper’s primary focus is on 

Medicaid expansions for adults. This theoretical model will primarily consider adult 

coverage, though additional corollary effects on child coverage will also be discussed. 

There are a variety of reasons that adult Medicaid coverage could be expected to reduce 

child maltreatment risk. First, coverage improves SES by increasing discretionary 

incomes, which in turn may reduce child maltreatment risk. Because demand for health 

care is relatively inelastic, both by price and by income (Ringel et al., 2002), families 

consume some health care regardless of their incomes. Health care coverage offsets the 

cost of care, freeing up resources and increasing discretionary income. This is borne out 

empirically: “families with uninsured members are more likely to have high health 

expenditures as a proportion of family income than are insured families” (Coleman et al., 

2002, p. 1). Medicaid’s effect of increasing discretionary incomes is also confirmed by 

Zewde and Wilmer, who found that “the program’s antipoverty impact grew over the past 
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decade independent of expansion, by shielding beneficiaries from growing out-of-pocket 

spending” (2019, p. 132). Increased discretionary incomes should correspond with 

reduced family financial stress, which could mean reductions in child maltreatment risk.. 

Note that while there are good reasons to think Medicaid would effectively increase 

family incomes, there are some factors that might temper that expectation: Medicaid is 

not cash-equivalent. While the program may protect families from uncertainty of health 

care costs, unless families are actively using care and Medicaid offsets spending on that 

care, the income effect may not be very strong. There is also good reason to believe many 

people who received Medicaid via state expansions were receiving uncompensated care 

in pre-expansion periods (Callison et al., 2021; Dranove et al., 2016; Moghtaderi et al., 

2020), which might also reduce the income effect presented here. 

Second, health care coverage increases access to and affordability of health care 

(Nyman, 1999), which increases health care utilization (Buchmueller et al., 2005; Larson 

et al., 2016). Medicaid coverage for adults can lead to increases in parents using health 

care services and improvements to parent mental and physical health, each which might 

decrease stress (Currie & Madrian, 1999) or improve parenting in ways that make 

maltreatment less likely. It could also lead to increased substance abuse treatment, which 

would address a strong risk factor for maltreatment (Wells, 2009); each of these 

components could be included in the health care access side of the theoretical model, 

though they might also have implications for SES as well.  

Medicaid expansion for adults also appears to have had strong welcome mat (aka 

woodwork) effects on coverage for children (Hudson & Moriya, 2017). Given that 
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expanded coverage for adults also increases coverage for children, consideration of 

effects of child coverage is also appropriate. Similar income effects would be expected, 

and increases in utilization of health care for children are also expected. 

Higher levels of coverage for children would mean great utilization of child health 

care resources, in addition to greater utilization of health care for adults. Increased 

utilization for children implies greater exposure to health care providers and, given that 

providers are trained to identify cases of maltreatment and children at risk of future 

maltreatment, could mean parents get more education on child development and referrals 

to preventive programs when appropriate (Flaherty & Stirling, 2010; Fussell, 2011; 

Gwirtzman Lane, 2014; Mayo Clinic, 2015; National Association of Children’s Hospitals 

and Related Institutions, 2011). Further, because all health care providers are mandatory 

reporters of child maltreatment (Child Welfare Information Gateway, 2015), greater 

exposure to the health care system means children are also exposed to more mandatory 

reporters of child maltreatment. This could address maltreatment retroactively, because 

providers can identify and report cases of maltreatment and those cases can be 

investigated and dealt with as necessary. They could also proactively prevent future 

maltreatment: if providers detect maltreatment that has occurred previously, parents can 

be referred to preventive services to make future maltreatment less likely, or children can 

be removed from the home if necessary (Brenzel et al., 2007; Flaherty et al., 2000, 2006, 

2008; Herendeen et al., 2014; National Research Council, 1993, Chapter 4).  

This theoretical model advances the perspective that Medicaid, by reducing 

financial stress and increasing access to and utilization of a variety of health care 
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services, should operate as a protective factor reducing maltreatment risk. However, it is 

important to keep in mind that the different types of maltreatment may each have their 

own separate etiologies. For example, SES impacts child neglect risk to a higher degree 

than it impacts child physical abuse risk. The differences in these factors will be 

considered, as appropriate, in the discussion of effect sizes and significance in the results. 

It is also important to acknowledge that SES is not just associated with actual risk for 

maltreatment, but may also be associated with increased risk of reporting suspected 

maltreatment or with increased risk of substantiating maltreatment that has been reported; 

both issues would complicate the observed relationship between SES and maltreatment. 

Methods 

Empirical approach 

Understanding a potential causal relationship between Medicaid and child 

maltreatment requires more than checking for an association between Medicaid 

enrollment and reductions in maltreatment. Such associations are subject to an 

identification problem: factors that influence Medicaid enrollment will also tend to 

impact child maltreatment risk. One example is economic fluctuations: in recessions, 

with rising unemployment there will be surges in Medicaid enrollment. Rising 

unemployment also implies higher levels of stress for families, which may make 

maltreatment more likely as well. Economic booms might have opposite effects: reduced 

Medicaid enrollment as employment increases and reduced family stress and thus 

maltreatment risk. The goal of causal analysis is to solve this identification problem by 
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finding a way to measure the impact of Medicaid on maltreatment independent of the 

other factors that might influence both simultaneously.  

One solution to this approach is to find a change in Medicaid enrollment that 

would not be expected to have any impact on maltreatment, other than via the proposed 

theoretical model. In the case of Medicaid, such exogenous variation may be found in the 

form of Medicaid expansion decisions made possible by the Patient Protection and 

Affordable Care Act of 2010 (ACA) and the subsequent Supreme Court decision in the 

case of the National Federation of Independent Business (NFIB) v. Sebelius. Prior to the 

passage of the ACA, states set their own income thresholds for Medicaid eligibility, and 

the ACA originally required all states to expand their Medicaid income thresholds to 138 

percent of the federal poverty line. The NFIB v. Sebelius decision rendered Medicaid 

expansion effectively optional for states. Because states could choose to expand, or not, 

this set the ground for a natural experiment comparing the effects of expanded Medicaid 

eligibility: expansion states saw a sudden increase in Medicaid enrollment as a new group 

of low-income adults gained eligibility, while non-expansion states did not show such 

increases (Courtemanche et al., 2017; S. Miller & Wherry, 2017).1  

Using variation in state Medicaid expansion decisions in this way requires the 

assumption that expansion decisions are exogenous to child maltreatment outcomes; i.e. 

that expansion decisions are not influenced by maltreatment outcomes or unobserved 

factors that influence maltreatment outcomes. While there is no single statistical test that 

 
1 Difference-in-differences analyses with the rate of uninsurance for adults under 138 FPL as the 

dependent variable find that Medicaid expansion led to between 5.5 and 7.5 percentage point reductions in 

uninsurance for adults in expansion counties post-expansion. 
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can conclusively demonstrate exogeneity, there are good reasons to believe Medicaid 

expansion is plausibly exogenous. The strongest concern with exogeneity in this case 

regards state socioeconomic factors. As established previously, socioeconomic factors 

have strong implications for maltreatment outcomes. If they also influence selection into 

expansion, for example if richer states choose to expand and poorer states choose not to 

expand, then it might be the case that the detected effect due to expansion might actually 

be due to state economic factors. However, there are three reasons why this is not a 

substantial concern in this analysis. First, the federal government bears the lion’s share of 

the financial burden with regard to Medicaid expansion. Initial expansions were generally 

covered by the federal government at 100 percent, with decreases to 90 percent coverage 

by 2020. Second, the factor that most strongly explains Medicaid expansion decisions has 

been identified as political leaning of state governments, rather than state economic 

factors (Barrilleaux & Rainey, 2014; Henley, 2016; White, 2021).2 Third, the primary 

concern would be if the characteristics that influence expansion decisions and 

maltreatment are unobserved; in this case, state economic and political factors are 

observed characteristics and thus can be included in models;3 if included explicitly, their 

effects should not be included in the error term.  

 
2 While not the primary focus of this paper, cursory examination of determinants of expansion 

decisions via logistic regression (where the dependent variable is the decision to expand Medicaid in 2014) 

do not show a statistically significant association between state expansion decisions and state 

unemployment, poverty rate, or gross state product. Strongest single factor predicting Medicaid expansion 

was Democratic control of the lower house of the state legislature (1% higher control = 0.68% higher 

probability of expansion, p < .1).  
3 This paper’s preferred estimator (doubly-robust Callaway-Sant’Anna difference-in-difference) 

features both stabilized inverse probability weighting and outcome regression adjustment. Because 

propensity scores close to zero may inhibit performance of probability weighting, only a small number of 

variables are included in this approach. Additional controls, including a wide array of economic, 
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This paper will use state Medicaid expansion decisions as a source of exogenous 

variation to identify the impact of Medicaid on child maltreatment. Because states did not 

all expand Medicaid simultaneously, this is an example of staggered treatment timing, 

which has been identified recently in econometric literature as challenging standard 

difference-in-difference approaches in some situations. Specifically, standard two-way 

fixed effects (TWFE) models with staggered treatment timing are a weighted average of 

all possible 2x2 DiDs based on treatment timing. Standard approaches may include a 

number of inappropriate 2x2 DiDs and also yield negative weights; these and other 

findings challenge traditional interpretations of TWFE with staggered treatment timing 

(Baker et al., 2021; Borusyak et al., 2021; Caetano et al., 2022; Callaway & Sant’Anna, 

2021; de Chaisemartin & D’Haultfoeuille, 2021; Gardner, 2021; Goodman-Bacon, 2021; 

Roth et al., 2022; Sant’Anna & Zhao, 2020; Sun & Abraham, 2020).  

To address this issue with TWFE, this paper’s preferred estimator is the doubly-

robust Callaway-Sant’Anna (C-S) difference-in-difference with both stabilized inverse 

probability weights and outcome regression adjustment and using both never- and not-

yet-treated units as controls (Callaway & Sant’Anna, 2021; Rios-Avila et al., 2021; 

Sant’Anna & Zhao, 2020). The C-S approach checks for which 2x2 DiDs are appropriate 

to run and then estimates average treatment effects for units grouped by timing of first 

treatment. When covariates are included, the approach 1) calculates a time-varying 

propensity to treatment conditional on base-period values of included covariates and uses 

 
demographic, and political covariates, are included in alternative estimators (Gardner two-stage DiD, 

TWFE, synthetic controls) which are used as robustness checks. 
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that propensity score to create a stabilized inverse probability weight, then 2) calculates a 

residual based on the outcome in each time period, adjusted with an outcome regression, 

and 3) uses the stabilized inverse probability weights from (1) to weight the residuals 

from (2). The average treatment effect for each group-time can then be aggregated to 

either one average treatment effect (for all groups over all post-treatment times, 

analogous to a standard DiD term) or to one treatment effect for each time period relative 

to treatment (an event study). 

This study will consider aggregated DiD and event study results from C-S DiD to 

compare differences in child maltreatment counties in Medicaid expansion states to 

differences in counties in both non-expansion states and counties in states that had not yet 

expanded.  

Child maltreatment outcomes are measured as maltreatment in each county-

quarter where maltreatment includes the log-transformed count of reports for physical 

abuse, neglect, medical neglect, and sexual abuse. Primary specifications of C-S DiD 

include four covariates – county poverty rate, percent of county population that is white, 

percent of adults with high school education or higher in each county, and county child 

population count. Additional checks using alternative methods – two-stage DiD (Butts & 

Gardner, 2021; Gardner, 2021; Thakral & Tô, 2020) and standard TWFE – also include a 

wider array of covariates, including the percent of county population below federal 

poverty level (FPL), county median income, percent of adults in the county who are 

married, percent of adults in the county with high school education or higher, county 

unemployment rate, county income inequality as measured by the Gini coefficient, rate of 
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primary care providers per 10,000 people in the county, percent of the county population 

that is white, and the county child population. State-year variables in those additional 

checks include whether the governor is a Democrat, the percent of state upper and lower 

legislative chambers which are Democratic, state unemployment rate, state poverty rate, 

and gross state product. 

Maltreatment counts are log-transformed to reduce the influence of outliers and to 

ease interpretation of resulting coefficients. While both reports and substantiated cases 

could be used as measures for incidence of child maltreatment, reports are preferable for 

three reasons: first, children subject to maltreatment reports are at a similar risk for future 

incidence of maltreatment regardless of substantiation of the current case (H. Kim et al., 

2017; Chalk, 2012; Fallon et al., 2010; Kohl et al., 2009; Hussey et al., 2005). Second, 

substantiation can vary for reasons unrelated to risk in a particular case (Jones & 

Finkelhor, 2001). Third, reports are often used as a better measure of the actual incidence 

of maltreatment than are substantiated cases (H. Kim et al., 2017). While reports do 

include cases which are ultimately found not to constitute substantiated cases of 

maltreatment, this metric avoids issues with arbitrariness in substantiation standards and 

may be a more accurate reflection of actual maltreatment incidence (Bullinger, Lindo, et 

al., 2021).  

Determining which states are considered to have expanded Medicaid, and which 

states have not, is a critical question. Resources such the Kaiser Family Foundation list 

out states which have formally expanded Medicaid via the ACA (Kaiser Family 

Foundation, 2020); however, formal acceptance of the ACA’s expansion provisions is an 
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incomplete accounting of the complexity of Medicaid expansion. Twenty-four states, 

including the District of Columbia, formally expanded Medicaid via the ACA on or 

before January 2014; three other states expanded later that year, and twelve more have 

expanded since. The ACA also gave states flexibility to expand Medicaid eligibility prior 

to 2014. Specifically, eighteen of the twenty-seven 2014 expansion states had some form 

of expanded eligibility prior to 2014, including ten states with Medicaid eligibility above 

100 percent of the FPL or state programs that covered people over that threshold (Anand 

et al., 2019; Courtemanche et al., 2017). Selecting which states to consider as expanders, 

and when, has important implications for analysis. 

Inclusion of early expansion decisions as treatments could capture the effect of 

early Medicaid expansions, but assigning a bright line distinguishing which early 

expansions were sufficiently large to count as treatments for this study, and which were 

not, could be somewhat arbitrary. If the study does not count early expansions as 

treatments, early expansion states can either be left in the control group (considered as 

non-treated) or excluded from the analysis altogether. Leaving them in the control group 

means the analysis would only consider the impact of 2014 and later expansions, and any 

detected effect size would not include the effects of early expansions, which might mean 

underestimation.  

An additional complication to the question of how to measure the impact of 

Medicaid expansions relates to the generosity of their Medicaid benefits. States with 

more generous Medicaid benefits pre-expansion might be considered to have relatively 

lesser impact from Medicaid expansions relative to states with less generous benefits 
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which also expanded Medicaid. I conducted additional specifications of my model (not 

shown) that assessed the impact of Medicaid expansion in a triple-differences framework 

where counties with higher levels of uninsurance are compared to counties with lower 

levels of uninsurance. The results from the triple differences analysis produce the same 

conclusions as the primary specification. 

While this study does not account explicitly for Medicaid benefit generosity, 

Also, while some states may have more generous programs, all states must have benefits 

that meet certain federal minimum standards, including covering pediatric and family 

nurse practitioners, federally qualified health centers, inpatient and outpatient services, 

and labs (Medicaid and CHIP Payment and Access Commission, 2022). Many of the 

primary benefits from Medicaid improving access to care should fall under primary care 

services, which is one such mandatory benefit. Further benefit generosity might increase 

the value of Medicaid to enrollees, but also probably has diminishing returns when 

considering specifically reductions in child maltreatment risk.  

This paper will consider several different specifications of Medicaid expansion 

and consider implications of results for each. Specifications considered in this paper are 

adapted from several prior papers assessing Medicaid expansion effects, including 

Courtemanche (2017), Miller and Wherry (2017), Anand et al., (2019) and McGinty et al. 

(2022). Table 2.1 outlines six specifications of Medicaid expansion, including which 

states are included in the treatment or control groups, or excluded, in each specification. 

The first specification, derived from Courtemanche et al., includes all states and defines 

expansion states as those who expanded Medicaid in 2014 or later. The second, adapted 
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from Miller and Wherry, excludes five early expander states. The third, also adapted from 

Miller and Wherry, also excludes California as an early expander.4 The fourth, adapted 

from Anand et al., excludes early expanders, states with state programs offering similar 

coverage to Medicaid for the expansion population, and states with programmatic 

difficulties at the time of expansion. The fifth, also from Anand, also excludes late 

expanders; this approach features only one treatment period (Q1 2014), and the pre- and 

post-periods are identical for all treated states. The sixth, from McGinty et al., includes 

all states that the McGinty paper considers to have expanded Medicaid in 2014 and 

excludes late expanders. All specifications except the one based on McGinty et al. 

include the same control group of non-expansion states.  

One critical requirement that must be satisfied is the common trends assumption. 

The theory underlying these analyses is that, absent the policy intervention in question, 

the untreated group and the treated group would continue to behave similarly. When a 

treatment occurs, the untreated group is considered a counterfactual example for what 

would have happened to the treated group had it gone untreated. Confirming that the 

treated and control groups are behaving similarly prior to treatment is critical; if they are 

not similar, and especially if they have divergent trends or are behaving very differently 

prior to treatment, then any post-treatment difference between the two groups may not be 

due just to the treatment in question. 

 
4 California began its ACA Medicaid expansions early, in 2012, but implementation varied by 

county and over time. Given that implementation and the size of the state, considering how 

inclusion/exclusion of California impacts results may be important.  
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As recommended in Roth et al., (2022), pre-treatment trend commonality will be 

assessed by examining pre-treatment differences in estimated coefficients between the 

treated and control groups using an event study approach, with trend commonality held 

conditional on covariates. In addition to assessing the common trends assumption, the 

event study approach also shows how treatment effects change dynamically over time. 

While this event study approach is recommended for assessing common trends pre-

treatment, such tests may be underpowered to detect certain violations of common trends 

(Bilinski & Hatfield, 2020; Roth, 2018, 2018, 2020; Roth et al., 2022). This paper’s 

primary specification – doubly-robust C-S DiD – includes both stabilized inverse 

probability weighting and outcome regression adjustment, two alternative approaches to 

address/assess common trends (Callaway & Sant’Anna, 2021; Roth et al., 2022; 

Sant’Anna & Zhao, 2020). 

Assuming satisfaction of the common trends assumption, results from the post-

treatment periods will be assessed from the event study and DiD analyses. Event study 

results will show dynamic quarterly effects of expansion (checking for treatment effect 

heterogeneity over time) and DiD results will show estimated effects over the post-

treatment study period.  

Data 

Child maltreatment data in this study are drawn from the National Child Abuse 

and Neglect Data System (NCANDS) Child File, which is comprised of compiled child 

maltreatment reports from all states, with some exceptions in certain years when some 

states did not submit data. The span of data is 2009-2018, which should provide sufficient 
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time to examine trends during the pre-Medicaid expansion period and to see the impact of 

the 2014 expansions. Two factors of the NCANDS Child File require connection to 

secondary datasets: first, the NCANDS files include data only on children subject to 

maltreatment reports, so by definition children not subject to reports are excluded in 

NCANDS data. Second, NCANDS data are deidentified and cannot be connected to other 

data sources to show relevant covariates at the individual level.  

Including information about children who are not subject to reports of 

maltreatment is critical to a study whose intent is to measure the effect of a policy 

intervention on maltreatment risk; by collapsing data to the county-level and merging on 

population counts and other data, children whose information does not appear in CPS can 

be accounted for. To that end, county-quarter report counts are created from the 

NCANDS Child Files. Those data, which vary by county-quarter, are log-transformed 

and paired with population count data from the National Cancer Institute’s Surveillance, 

Epidemiology, and End Results Program (which vary by county-year) and county-year 

rates on health insurance and other socioeconomic variables extracted from ACS and the 

Small Area Health Insurance Estimates program, each of which vary by county-year. 

ACS uses rolling five-year averages in order to create reliable county estimates (adding 

together multiple years increases the size of the sample for each county), which may limit 

useful variation in the independent socioeconomic variables.5 State-year covariates are 

 
5 While other units in ACS, such as the Public Use Microdata Area (PUMA), can avoid that issue, 

mapping counties from the NCANDS child file to PUMA is impractical. The Child File includes county 

codes only for counties which have over 1000 observations in a year; counties with fewer observations are 

coded into a composite county within their particular states. Counties that are compiled into that composite 

vary by year based on the number of reports; thus, while counties that are included or compiled can be 
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drawn from the National Welfare Dataset (University of Kentucky Center for Poverty 

Research, 2022); and state median income data is drawn from Federal Reserve Economic 

Data (St. Louis Fed, 2022).   

The study’s sample includes all counties in the United States for which 

maltreatment data were submitted and available, on a quarterly basis, from 2009 to 2018, 

for an n of 33,825 county-quarters in the full, unrestricted sample. Aggregated county 

rates represent 36,770,158 individual maltreatment reports from across the United States 

over ten years.  

Results 

Table 2.2 shows descriptive statistics comparing non-expansion counties and pre-

expansion counties by Medicaid expansion specification. Total child population 

represented by each specification varies from 19.5 million (specification 1) to 8.1 million 

(specification 5). Expansion counties show higher physical abuse and neglect report rates 

relative to non-expansion counties and lower medical neglect. Non-expansion counties 

show higher uninsured rates for adults, higher poverty rate, and lower median income, 

education, unemployment, and primary care provider rate. The starkest contrast between 

treated and control counties is in state political characteristics: expansion states have 

markedly higher percentages of Democratic control of the governorship and both houses 

of the state legislature. Beyond variation in levels of dependent and independent variables 

prior to expansion, further examination of trends in event study analyses will elucidate 

 
observed and replicated in other county-level data sources, they cannot crosswalk consistently into 

PUMAs. The counties which would be part of given PUMAs would change over time and thus the PUMAs 

would not be comparable to themselves over time. 
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any relevant differences between treated and control groups before Medicaid expansions 

occurred. 

Event study and DiD results by Medicaid expansion specification are shown for 

physical abuse reports (Figure 2.1), neglect reports (Figure 2.2), medical neglect reports 

(Figure 2.3), and sexual abuse reports (Figure 2.4), respectively. Pre-treatment trends 

commonality can be assessed in these results before considering post-treatment effects. 

Doubly-robust Callaway-Sant’Anna DiD includes both stabilized inverse probability 

weighting and outcome regression adjustment; including both approaches and holding 

trends common on covariates may help to improve pre-treatment trend commonality 

(Roth et al., 2022). 

Event study results for physical abuse show slight divergence in individual 

quarters in the pre-treatment period, depending on specification, but no long-term 

divergent trends. Neglect reports show very slight divergence in periods immediately 

before expansion, with expansion states showing small decreases compared to non-

expansion states; this is not considered a significant violation of the common trends 

assumption, for two reasons: 1) the size of the divergence, even when statistically 

significant, is small compared to estimated post-treatment effects, and 2) there may be 

some minor anticipation effect due to pre-expansion welcome mat effects (aka woodwork 

effects; Blewett, 2012), as previously-eligible members signed up for coverage due to 

increased public conversation about Medicaid expansion (Guth et al., 2020). Similarly, 

medical neglect and sexual abuse show relatively consistent pre-treatment trends with 

any significant divergence varying around zero.  
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Estimated treatment effects vary by type of maltreatment and by Medicaid 

expansion specification. Physical abuse results show reductions across expansion 

specifications that begin about 5 quarters after the expansion: while effect sizes vary 

between about 4 and 10 percent, the direction and magnitude of effects is consistent after 

5 quarters post-expansion. This indicates that inclusion or exclusion of particular states in 

expansion specifications does not substantially affect estimated treatment effects. Results 

are also imprecisely estimated and include wide confidence intervals. Medical neglect 

results show increases, varying between 5.2 and 16.6 percent. As with physical abuse, 

medical neglect results are imprecisely estimated and do not reach statistical significance 

at p < .05. Sexual abuse results show small estimated effects with large confidence 

intervals, and estimated effects vary from 4.7 percent to -5.3 percent, depending on 

expansion specification.  

Estimated treatment effects of Medicaid expansion on neglect are not consistent 

across expansion specifications. The most restrictive specifications – that is, 

specifications 5 (only January 2014 expansions with no partial, early, or late expanders) 

and 6 (only 2014 expansions with no late expanders, slightly different specification) – 

show reductions in the post-expansion period between 5.6 and 7.1 percent. However, 

more inclusive specifications 1 (all states), 2 (excluding just early ACA expansions), 3 

(additionally excluding California), and 4 (additionally excluding states with programs 

similar to Medicaid expansion) show either no effect or increases in neglect in the post-

expansion period, between 0.8 and 5 percent.  
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In addition to C-S DiD, models were estimated using additional empirical 

approaches (some not shown) that allow for inclusion of additional covariates (the full 

array of county and state covariates listed in Table 2.2): Gardner two-stage DiD (another 

solution to the problem of variation in treatment timing) using all expansion 

specifications (Butts & Gardner, 2021; Gardner, 2021; Thakral & Tô, 2020); two-way 

fixed effects models using expansion specification five, which has no variation in 

treatment timing, with both the full sample and restricted to border-county pairs (Peng et 

al., 2020); and synthetic controls (Abadie, 2021; Abadie et al., 2010, 2015; Galiani & 

Quistorff, 2017). Results for neglect are generally consistent across alternative estimation 

strategies: expansion specifications 5 and 6 (the most restrictive) show reductions in 

neglect reports, with either no effect or slight increases observed in other specifications. 

Approaches other than C-S DiD also tended to have large pre-treatment trend divergence, 

especially in neglect results; doubly-robust C-S DiD appears to best account for that pre-

treatment trend divergence out of all tested approaches. Results for physical abuse, 

medical neglect, and sexual abuse are less consistent across alternative estimation 

strategies, indicating these results may be sensitive to model specification.  

Discussion 

Results of this paper in part support and in part run counter to previous findings in 

the literature (Assini-Meytin et al., 2022; Brown et al., 2019; McCray, 2018; McGinty et 

al., 2022; Pac, 2019). McCray (2018), using state-year panel data from 2000-2015, finds 

a correlation between increases in health care coverage for children and reductions in 

physical abuse. Pac (2019), using county-month panel data from 2010 to 2013, found 
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statistically significant reductions in physical abuse reports for children under 6 in 

California following that state’s early Medicaid expansion in 2012, and no statistically 

significant effect on neglect reports. While this paper can partially replicate Pac’s results 

for physical abuse, results are imprecisely estimated and not statistically significant at p < 

.05 in most specifications.  

Brown et al., (2019), using state-year panel data from 2010 to 2016 and including 

all expansions in the treated group (similar to this paper’s specification 1 in Table 2.1) 

finds a statistically significant reduction in neglect for children under age 6. This paper 

can replicate that result using Medicaid expansion specifications 5 and 6, but other 

specifications of Medicaid expansion do not show a reduction in neglect following 

Medicaid expansion; instead, they show an increase. Results also vary depending on 

whether analyses are run using state- or county-level data.  

McGinty et al. (2022) considers the impact of Medicaid expansions on child 

maltreatment using a state-year panel from 2008-2018 with log-transformed child 

physical abuse report and child neglect report rates per 100,000 children. Because 

treatment timing varies, that paper uses the Callaway-Sant’Anna DiD approach, and 

includes as controls the percent of each state’s population that is Black, poverty rate, 

percent of adults who did not graduate from high school, and the age-adjusted drug 

overdose death rate. Because they found states that expanded after 2014 had non-parallel 

trends, that paper excludes late (post-2014) expanders, though it includes Michigan, 

which expanded later in 2014. That paper also includes several states in its preferred 

specification which this paper’s preferred specification excludes as early expanders, 
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including: California, Hawaii, Iowa, Maryland, Minnesota, and Oregon. McGinty et al. 

also exclude West Virginia due to data reporting complications during the study period. 

That paper’s preferred specification is detailed in Specification 6, Table 2.1. Assini-

Meytin et al., (2022) use a similar analytical approach as McGinty et al. to examine an 

association between Medicaid expansion and child sexual abuse.  

This paper replicates the finding from Assini-Meytin et al., (2022), finding no 

consistent effect of Medicaid expansion on child sexual abuse reports. This paper also 

attempts to replicate neglect results from McGinty et al., (2022) using county-level data 

in Figure 2.2 and state-level data in Figure 2.5. County-level results, discussed above, 

show reductions in neglect reports following Medicaid expansion only in the most 

restrictive specifications of expansion, and increases in other specifications. Of the 

county-level specifications that show reductions, only number 5 shows any periods with 

effects significant at p < .05; estimates in 6 are less precisely estimated. State-level results 

show either no effect or very imprecise reductions in specifications 1-4, but statistically 

significant reductions in neglect reports in specifications 5 and 6. These results are 

supported by replications using Gardner two-stage DiD (Figure 2.6), which included a 

much wider array of covariates.  

While McGinty et al., (2022) find reductions in child neglect reports following 

Medicaid expansion, based on the results in this paper at the county-quarter and state-

quarter level, that finding appears to be sensitive to how Medicaid expansion is specified 

and the selected units of analysis. As has been noted previously, “State-level analyses 

may mask important variation in both child maltreatment and macroeconomic conditions 
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that occur within a state” (Bullinger, Lindo, et al., 2021, p. 12). Analyses that are more 

aggregated by time, such as annual vs. quarterly, may have similar effects. Collapsing 

data by year smooths out substantial temporal variation that is more clearly observed in 

quarterly data and collapsing by state smooths substantial geographic variation more 

clearly observed at the county-level.  

While this paper can, to an extent, replicate prior results, some nuance in 

interpretation is required. C-S DiD results show reductions in physical abuse and 

increases in medical neglect following Medicaid expansion, but they are imprecisely 

estimated and alternative approaches (two-stage DiD, TWFE, county-pair TWFE, and 

synthetic controls) do not have similar findings, so these appear to be sensitive to model 

specification. Results for both sexual abuse and neglect vary depending on how Medicaid 

expansion is specified, and county-level analyses actually show increases in neglect in 

some specifications, while state-level analyses show either no effect, statistically 

insignificant reductions, or statistically significant reductions.  

Limitations 

This paper faces several limitations that should be acknowledged. First, an ideal 

dataset for this research question would allow for identification of individual level 

records to be linked to other datasets in order to compare the effect of expansion, 

including actual Medicaid enrollment, on maltreatment outcomes. One major limitation 

of this paper is the inability to link individual level records; instead, this paper collapses 

data to the county-level. While this is a useful workaround and it yields a substantially 
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larger sample than a state-level dataset, the result is that valuable individual level 

variation is lost or not available.  

Second, maltreatment reporting can be a problematic proxy for maltreatment 

incidence. While reporting is commonly considered a good proxy for maltreatment 

incidence, reporting can vary for reasons other than variations in incidence, such as the 

hypothesized effect in this study: that when parents are given health insurance, their 

children might be more likely to see the doctor more regularly. Such an effect might both 

increase reports – but not incidence – and change the rate at which reports are 

substantiated. This available explanation of observed increases in medical neglect reports 

in counties with Medicaid expansion: that expanded access to care for adults (via 

expansion and the woodwork effect) and expanded access to care for children (via the 

woodwork effect) led to increased exposure to health care providers. Another potential 

explanation is that other mandatory reporters such as teachers or social workers might 

have become more likely to report medical neglect after Medicaid expansions. Future 

research should assess the effect of Medicaid expansion on detection of maltreatment by 

health care providers and attempt to assess whether Medicaid expansion affected 

reporting separate from incidence.  

Another important consideration is whether maltreatment reports are reliably 

reported by counties – i.e. to what extent does measurement error potentially impact this 

analysis. Some states did report data quality issues during the span of the study, some 

states also did not submit data in every year of the study, and some counties with small 

numbers of reports were aggregated together. The primary concern is whether 
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measurement error would systematically bias report counts or rates in ways that would 

influence results. First, there is little reason to expect systematic measurement errors in 

maltreatment reporting that are tied to state Medicaid expansion decisions. While 

inconsistent reporting by counties or states is possible, that reporting is probably not 

influenced by or related to Medicaid expansion. As long as errors are not related to 

treatment assignment, that should not provide undue concern in this analysis. While 

measurement error cannot be identified herein, this paper did consider whether inclusion 

of data from very small counties (whose numbers are aggregated) might influence results; 

inclusion or exclusion did not influence results and so they were left in the data.  

Third, though this paper uses county-level estimates, its sample is limited because 

counties with fewer than 1000 maltreatment reports each year are aggregated to prevent 

identification of individuals in smaller counties. If analyses could be replicated with a full 

sample that did not aggregate small counties, results could be broken down by county 

population to check for treatment effect heterogeneity by county size. If a non-aggregated 

sample were used, analyses could also map counties to PUMAs, as noted above, avoiding 

the problem of using five-year averages from ACS data. This would mean more accurate 

annual changes per observation and greater variation in covariates.  

Fourth, this study does not control for variation in state policies defining child 

maltreatment. While models including unit fixed effects (such as Gardner two-stage DiD) 

should absorb any inter-state policy variation (if time invariant), unit and time fixed 

effects would not account for changes to state definitions of child maltreatment. This 

would be of particular concern if in-state maltreatment definition variations also 
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interacted with Medicaid expansion – for example if definitions of neglect changed and 

that change interacted with changes from Medicaid expansion of what mandatory 

reporters are likely to identify and report maltreatment. Future research should consider 

approaches to account for variation of state maltreatment policies over time.   

Conclusion 

This paper provides the first nationally representative estimates of the effect of 

Medicaid expansion on county-level child maltreatment for children ages 0-17, with 

quarterly data from 2009 through 2018 (though McGinty et al. (2022) does so at the state-

year level). It finds that ACA Medicaid expansions may have reduced child physical 

abuse reports and increased medical neglect reports, though these findings are sensitive to 

model specification and are imprecisely estimated. It also finds that January 2014 

Medicaid expansions appear to have reduced child neglect, but that inclusion of partial, 

early, and late expansions reverses that observed relationship. The finding that neglect 

results vary by expansion specification is robust to alternative model specifications.  

If the reason we care about measuring the effect of Medicaid expansion is because 

we want to know exclusively about the effect of a past policy change, it might be 

reasonable to conclude that results indicate January 2014 Medicaid expansions did lead to 

reductions in child neglect reports. If, however, we also care to generalize findings to 

consider what effect we might expect from future expansions in states that have not yet 

expanded Medicaid, then consideration of just January 2014 Medicaid expansions (which 

show reductions in neglect) would be improper. Rather, if results are to be generalized to 

states which have not yet expanded, then including results from states that expanded late 
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(as all not-yet-expanded states would be late expanders, if they expanded) would be 

necessary. Those specifications, depending on whether considered at the county- or state-

level, show either statistically insignificant decreases, no effect, or even in some cases 

significant increases in neglect reports.  

These findings are practically applicable in several ways. First, they introduce 

additional nuance to the literature on the impact of Medicaid expansion on child 

maltreatment outcomes – specifically, that prior findings of statistically significant 

reductions in neglect post-expansion appear to be sensitive to which states are considered 

to have expanded Medicaid. Exclusion of early and late expanders from analysis shows 

reductions in neglect, but inclusion of early and late expanders shows a more complicated 

relationship. Results also partially support prior findings of reductions in physical abuse, 

though the reduction is sensitive to estimation approach. These findings also yield some 

support to the theory that antipoverty programs may have effects on child maltreatment 

outcomes.  

Beyond informing the question of child maltreatment and Medicaid expansion, 

this also contributes to the literature relating to Medicaid expansion’s externalities more 

broadly. Last, these findings illustrate the important role that methodological decisions 

can make for a study’s results (Huntington-Klein et al., 2020) and show that adjusting 

analyses to account for variation in treatment timing and divergent pre-treatment trends 

may yield different results from analyses that do not.  

  



64 

 

Tables 

Table 2.1 Medicaid expansion specifications 

State 

Expansion 

date Expansion scenarios 

 

Notes 

  1 2 3 4 5* 6  

Alabama  0 0 0 0 0 0  

Alaska 2015-Sep 1 1 1 1 . . Expanded after January 2014 

Arizona 2014-Jan 1 1 1 1 1 1  

Arkansas 2014-Jan 1 1 1 1 1 1  

California 2014-Jan 1 1 . . . 1 

Early ACA expansion in some counties 

via Low Income Health Program. Pre 

2014 eligibility over 100 FPL, not 

capped, in some counties. Waiver 

effective 11/1/2010, county programs 

started 7/1/2011. 

Colorado 2014-Jan 1 1 1 1 1 1 

Not counted as early expander, but did 

have pre-2014 expansion to adults 

<=10% FPL effective 4/1/2012. 

Connecticut 2014-Jan 1 1 1 1 1 1 

Not counted as early expander, but did 

have pre-2014 expansion to adults 

<=56% FPL effective 4/1/2010. 

Delaware 2014-Jan 1 . . . . . 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

District of 

Columbia 2014-Jan 1 . . . . . 

Early ACA expansion. Pre 2014 

eligibility over 100 FPL, not capped, in 

some counties. ACA option 7/1/2010 

(133% FPL), Waiver 12/1/2010 (200% 

FPL) 

Florida  0 0 0 0 0 0  

Georgia  0 0 0 0 0 0  

Hawaii 2014-Jan 1 1 1 . . 1 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

Idaho 2020-Jan 0 0 0 0 0 0 

No expansion during study period, left 

in controls.  

Illinois 2014-Jan 1 1 1 1 1 1  

Indiana 2015-Feb 1 1 1 . . . Expanded after Jan 2014.  

Iowa 2014-Jan 1 1 1 . . 1 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

Kansas  0 0 0 0 0 0  

Kentucky 2014-Jan 1 1 1 1 1 1  

Louisiana 2016-Jul 1 1 1 . . . Expanded after Jan 2014.  

Maine 2019-Jan 0 0 0 0 0 . 

No expansion during study period, left 

in controls. McGinty et al. exclude 

Maine as a late (July 2018) expander.  

Maryland 2014-Jan 1 1 1 . . 1 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

Massachusetts 2014-Jan 1 . . . . . 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

Michigan 2014-Apr 1 1 1 1 . 1 Expanded after Jan 2014 

Minnesota 2014-Jan 1 1 1 . . 1 

Pre 2014 eligibility over 100 FPL, not 

capped. ACA option effective 3/1/2010 
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(133% FPL), Waiver 8/1/2011 (250% 

FPL) 

Mississippi  0 0 0 0 0 0  

Missouri 2021-Oct 0 0 0 0 0 0 

No expansion during study period, left 

in controls.  

Montana 2016-Jan 1 1 1 1 . . Expanded after Jan 2014.  

Nebraska 2020-Oct 0 0 0 0 0 0 

No expansion during study period, left 

in controls.  

Nevada 2014-Jan 1 1 1 1 1 1  

New Hampshire 2014-Sep 1 1 1 1 . . Expanded after Jan 2014.  

New Jersey 2014-Jan 1 1 1 1 1 1 

Not counted as early expander, but did 

have pre-2014 expansion to adults 

<=23% FPL effective 4/14/2011. 

New Mexico 2014-Jan 1 1 1 1 1 1  

New York 2014-Jan 1 . . . . . 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

North Carolina  0 0 0 0 0 0  

North Dakota 2014-Jan 1 1 1 1 1 1  

Ohio 2014-Jan 1 1 1 1 1 1  

Oklahoma 2021-Jul 0 0 0 0 0 0 

No expansion during study period, left 

in controls. 

Oregon 2014-Jan 1 1 1 . . 1 Difficult open enrollment.  

Pennsylvania 2015-Jan 1 1 1 1 . . Expanded after Jan 2014.  

Rhode Island 2014-Jan 1 1 1 1 1 1  

South Carolina  0 0 0 0 0 0  

South Dakota  0 0 0 0 0 0  

Tennessee  0 0 0 0 0 0  

Texas  0 0 0 0 0 0  

Utah 2020-Jan 0 0 0 0 0 0 

No expansion during study period, left 

in controls.  

Vermont 2014-Jan 1 . . . . . 

Pre 2014 eligibility via state funded 

program over 100 FPL, not capped.  

Virginia 2019-Jan 0 0 0 0 0 0 

No expansion during study period, left 

in controls.  

Washington 2014-Jan 1 1 1 1 1 1 

Not counted as early expander, but did 

have pre-2014 expansion to adults 

<=133% FPL effective 1/3/2011. 

West Virginia 2014-Jan 1 1 1 1 1 . 

McGinty et al. note complications with 

child maltreatment reporting during the 

study period.  

Wisconsin  0 0 0 0 0 0  

Wyoming  0 0 0 0 0 0  

Treat  32 27 26 19 14 20  

Control  19 19 19 19 19 18  

Excluded  0 5 6 13 18 13  

Total included  51 46 45 38 33 38  
Lists all U.S. states (plus DC), along with the date the state expanded Medicaid via the ACA. Specifications 1-6 show 

whether state is included as a treatment state (1), control (0), or excluded (.). Notes list details on expansion decision 

and/or why some states are excluded. Spec. 1 = all states (Courtemanche et al.). 2 = exclude early expanders (Miller 
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and Wherry). 3 = also exclude CA (Miller and Wherry). 4 = also exclude partial early expanders (Anand et al.). 5 = 

also exclude late expanders (only consider Jan. 2014 expansions; Anand et al.). 6 = McGinty et al. spec.; exclude post-

2014 expanders and others. 1-5 have same controls; 6 varies slightly. Four end rows show total number of treated, 

control, excluded, and total states included in analysis for each specification.  
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Table 2.2 Descriptive statistics – control and pre-treatment means 

  Non-

expansion 

Expansion states 

   Spec. 

1 

Spec. 

2 

Spec. 

3 

Spec. 

4 

Spec. 

5 

Spec. 6 

Dependent 

variables 

(vary by 

county-

quarter) 

Overall maltreatment report 

rate 

12.29 12.33 11.90 12.12 11.94 11.27 12.17 

Physical abuse report rate per 2.45 2.74 2.83 3.04 3.33 2.91 3.08 

Neglect report rate 6.84 8.12 7.52 7.71 7.39 7.01 7.53 

Medical neglect report rate 0.24 0.13 0.15 0.17 0.20 0.20 0.17 

Sexual abuse report rate 0.78 0.71 0.75 0.79 0.74 0.82 0.70 

County-

level 

covariates 

(vary by 

county-

year) 

Uninsured rate for adults 

under 138 FPL, % 

40.09 35.84 38.26 37.32 37.50 39.57 38.86 

Poverty rate, % 11.87 10.50 10.47 10.43 10.37 10.24 10.24 

Median income, in thousands 53.50 57.33 56.34 55.58 55.57 56.78 57.93 

Marriage rate, % 49.42 48.33 48.74 48.82 49.04 49.31 48.92 

Education rate (adults with 

high school ed. or higher), % 

85.70 86.22 86.36 87.30 87.39 86.90 86.02 

Unemployment rate, % 7.84 9.14 9.30 9.25 9.53 9.18 9.56 

Income inequality (Gini 

coefficient) 

44.91 45.00 44.79 44.64 44.82 45.12 44.87 

Portion of population that is 

white, % 

73.20 72.57 73.23 75.06 76.69 75.84 71.66 

Primary care providers per 

10,000 people 

7.46 9.67 9.25 9.27 9.27 9.39 9.43 

State-level 

covariates 

(vary by 

state-year) 

Democratic state governors, 

% 

12.95 51.77 41.13 42.30 43.96 51.28 45.03 

State legislature lower house 

Democrats, % 

34.77 56.45 53.07 51.45 51.68 53.85 56.06 

State legislature upper house 

Democrats, % 

34.37 52.10 50.36 48.41 48.53 52.22 53.23 

State unemployment rate 3.77 5.63 5.75 5.43 5.67 5.83 6.14 

State poverty rate 14.62 14.54 14.52 14.23 14.06 14.35 14.51 

Gross state product 

(millions) 

724.79 672.12 592.38 384.41 421.71 408.10 679.81 

N  14,293 19,532 16,581 15,001 11,074 8,111 11,995 

Child pop  28,779 44,366 38,344 29,187 21,973 16,354 30,643 

Means, pre-treatment, weighted by county child populations. Rates are reports per 1000 children per quarter. N shows 

number of county-quarters in control and treated groups (before and after expansion). Child populations show total 

number of children represented in each specification in Q4 2013, in thousands. Spec. 1 = all states (Courtemanche et 

al.). 2 = exclude early expanders (Miller and Wherry). 3 = also exclude CA (Miller and Wherry). 4 = also exclude 

partial early expanders (Anand et al.). 5 = also exclude late expanders (only consider Jan. 2014 expansions; Anand et 

al.). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 
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Figures 

 
Figure 2.1 Event study, physical abuse reports (log-transformed), C-S DiD, by Medicaid expansion specification, 

county-level 

Graphs display differences in estimated coefficients of the log of child physical abuse reports between treated and 

control counties from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated 

coefficient in each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line 

shows estimated post-treatment DiD coefficient. All models include county covariates such as poverty, education, race, 

and child population. Wild bootstrapped standard errors included, clustered at state-level. Spec. 1 = all states. 2 = 

exclude early expanders. 3 = also exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders 

(only consider Jan. 2014 expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same 

controls; 6 varies slightly (see Table 2.1 for details). 
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Figure 2.2 Event study, neglect reports (log-transformed), C-S DiD, by Medicaid expansion specification, 

county-level 

Graphs display differences in estimated coefficients of the log of child neglect reports between treated and control 

counties from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated coefficient 

in each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line shows 

estimated post-treatment DiD coefficient. All models include county covariates such as poverty, education, race, and 

child population. Wild bootstrapped standard errors included, clustered at state-level. Spec. 1 = all states. 2 = exclude 

early expanders. 3 = also exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders (only 

consider Jan. 2014 expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same 

controls; 6 varies slightly (see Table 2.1 for details). 
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Figure 2.3 Event study, medical neglect reports (log-transformed), C-S DiD, by Medicaid expansion 

specification, county-level 

Graphs display differences in estimated coefficients of the log of child medical neglect reports between treated and 

control counties from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated 

coefficient in each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line 

shows estimated post-treatment DiD coefficient. All models include county covariates such as poverty, education, race, 

and child population. Wild bootstrapped standard errors included, clustered at state-level. Spec. 1 = all states. 2 = 

exclude early expanders. 3 = also exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders 

(only consider Jan. 2014 expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same 

controls; 6 varies slightly (see Table 2.1 for details). 
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Figure 2.4 Event study, sexual abuse reports (log-transformed), C-S DiD, by Medicaid expansion specification, 

county-level 

Graphs display differences in estimated coefficients of the log of child sexual abuse reports between treated and control 

counties from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated coefficient 

in each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line shows 

estimated post-treatment DiD coefficient. All models include county covariates such as poverty, education, race, and 

child population. Wild bootstrapped standard errors included, clustered at state-level. Spec. 1 = all states. 2 = exclude 

early expanders. 3 = also exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders (only 

consider Jan. 2014 expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same 

controls; 6 varies slightly (see Table 2.1 for details). 
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Figure 2.5 Event study, neglect reports (log-transformed), C-S DiD, by Medicaid expansion specification, state-

level 

Graphs display differences in estimated coefficients of the log of child neglect reports between treated and control 

states from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated coefficient in 

each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line shows estimated 

post-treatment DiD coefficient. All models include state covariates such as poverty, education, race, and child 

population. Wild bootstrapped standard errors included. Spec. 1 = all states. 2 = exclude early expanders. 3 = also 

exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders (only consider Jan. 2014 

expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same controls; 6 varies 

slightly (see Table 2.1 for details).  
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Figure 2.6 Event study, neglect report rate (log-transformed), Gardner two-stage DiD, by Medicaid expansion 

specification, state-level 

Graphs display differences in estimated coefficients of the log of child neglect reports between treated and control 

states from 12 quarters before to 12 quarters after Medicaid expansion. Solid black line shows estimated coefficient in 

each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dotted line shows estimated 

post-treatment DiD coefficient. All models include the full array of state covariates outlined in Table 2.2. Eicker-

Huber-White robust standard errors included, clustered at state-level. Spec. 1 = all states. 2 = exclude early expanders. 

3 = also exclude CA. 4 = also exclude partial early expanders. 5 = also exclude late expanders (only consider Jan. 2014 

expansions). 6 = McGinty et al. spec.; exclude post-2014 expanders and others. 1-5 have same controls; 6 varies 

slightly (see Table 2.1 for details).  
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3. DOES THE SUPPLEMENTAL NUTRITION ASSISTANCE PROGRAM 

REDUCE CHILD MALTREATMENT? 

Abstract 

Child maltreatment is prevalent in the United States, and its costs, both to children who 

experience maltreatment and to society at large, are both immediate and long-lasting. 

Understanding how public policies might reduce maltreatment risk is critical. Poverty and 

low socioeconomic status (SES) are large risk factors for child maltreatment. One 

antipoverty program that has the potential to reduce child maltreatment is the 

Supplemental Nutrition Assistance Program (SNAP). This paper utilizes state SNAP 

policy variation in the form of broad-based categorical eligibility (BBCE) to assess the 

causal effect of SNAP on child maltreatment outcomes via both difference-in-differences 

and event study frameworks. Results indicate BBCE leads to reductions in child neglect 

of between 8 and 16 percent, depending on model specification. Additional findings 

suggest BBCE may also lead to reductions in medical neglect and sexual abuse, though 

those findings are sensitive to model specification. 
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Introduction 

Over a third of children in the United States are subject to an investigation for 

child maltreatment by the time they reach 18 years old (H. Kim et al., 2017), and one 

estimate suggests each year the United States incurs hundreds of billions of dollars in 

economic losses from lifetime costs associated with child maltreatment (Fang et al., 

2012). Given the prevalence of child maltreatment in the United States, and the cost of 

that maltreatment, both to the children and families themselves and also to communities 

and society as a whole, understanding how maltreatment might be prevented is critical.  

Poverty is perhaps the strongest individual risk factor for child neglect (Sattler, 

2022; Sedlak et al., 2010) and one of several strong risk factors for maltreatment more 

generally (Drake & Jonson-Reid, 2013; H. Kim & Drake, 2018), and the Supplemental 

Nutrition Assistance Program (SNAP) is one of the largest antipoverty programs in the 

United States (Bartfeld et al., 2015). The program specifically attempts to reduce food 

insecurity, which may decrease child neglect especially as related to food neglect, and 

also may reduce family financial and other stressors more generally. There is some 

limited evidence of SNAP’s effectiveness at reducing child maltreatment risk. One study 

examines SNAP receipt and child maltreatment records in Illinois and finds SNAP 

receipt is associated with reductions in abuse and neglect reports (Lee & Mackey-Bilaver, 

2007); another finds that neighborhoods in Connecticut with greater proximity to retailers 

accepting SNAP have reduced neglect risk (Bullinger, Fleckman, et al., 2021). While 

neither of these studies offers causal interpretation of results, SNAP receipt is associated 

with reduced maltreatment risk, especially neglect.  
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This paper will outline a theoretical framework for a relationship between SNAP 

receipt and child maltreatment and estimate that relationship empirically by exploiting 

state decisions related to SNAP broad-based categorical eligibility (BBCE, a policy 

which expands SNAP eligibility and can simplify enrollment processes) as plausibly 

exogenous shocks to SNAP receipt. In contrast with prior literature on this topic, data 

from the entire country will be utilized, making results more generalizable, and to the 

extent that exogeneity and parallel trends assumptions are satisfied, results may be 

interpreted causally.   

Background and theoretical model of SNAP and child maltreatment 

SNAP is a program targeted to low-income households whose goal is to 

“‘alleviate hunger and malnutrition’ by ‘permit[ing] low-income households to obtain a 

more nutritious diet through normal channels of trade’” (Food and Nutrition Act of 2008, 

p. 1-2, as cited in Caswell & Yaktine, 2013, p. 28). The program, originally conceived in 

1963, provided benefits to “more than one in seven Americans… at a cost of nearly $80 

billion in FY2013, making it the second largest program in the safety net in terms of 

recipients and fourth largest in terms of expenditure” (Bartfeld et al., 2015, p. 1).  

SNAP’s potential impacts on child maltreatment, including overall maltreatment, 

physical abuse, neglect, sexual abuse, and medical neglect, are considered at the level of 

the family. While there are multiple levels of factors that influence maltreatment risk, 

including individual, family, community, and cultural factors (MacKenzie et al., 2011; 

National Research Council, 1993; U.S. Dept. of Health and Human Services, Center for 

Disease Control and Prevention, National Center for Injury Prevention and Control, 
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Division of Violence Prevention, 2017), SNAP operates mostly on the family level. Two 

theories explain why low SES would lead to increased child maltreatment risk: family 

stress and family investment. The family stress model (Conger, 1994; Conrad et al., 

2020; Maguire-Jack et al., 2021; Warren & Font, 2015) posits that economic stress harms 

caregiver mental and behavioral health, which can lead to inhibited capacity for 

caregiving. The family investment model (Conrad et al., 2020; Maguire-Jack et al., 2021; 

Warren & Font, 2015) posits that family receipt of economic support, such as from 

antipoverty programs, allows caregivers to invest additional resources into their families, 

reducing maltreatment risk. Just as risk factors can influence maltreatment risk, 

protective factors may potentially mitigate risk. The primary risk factors for child 

maltreatment considered in this paper are poverty and low socioeconomic status, which 

influence risk at the family level; SNAP is considered a protective factor (Sattler, 2022) 

that might mitigate risks to which poverty and low SES contribute. 

SNAP benefits are hypothesized to affect child maltreatment in several ways. The 

first is specific to neglect: one form of neglect occurs when caretakers have insufficient 

resources to adequately provide for their children’s nutrition. If SNAP helps parents to 

provide food for their children, reducing food insecurity (Lombe et al., 2009), this would 

de facto make neglect less likely. There is currently a paucity of research examining the 

extent to which food neglect reports contribute to overall child neglect reporting (Helton, 

2016). Estimates of the portion of maltreatment reports attributable specifically to food 

neglect include three percent (North and South Carolina; Theodore et al., 2007), eight 

percent (Hawaii; Duggan et al., 2004), and 11 percent (United States, 1990s; Straus et al., 
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1998). Even studies that attempt to identify neglect sub-types do not typically assess 

specifically food neglect; studies more often consider physical neglect as its own sub-

type, and physical neglect typically includes food but also housing and potentially 

clothing and medical care. One study using the Maltreatment Classification System found 

a 50 percent correlation between a food neglect measure and neglect reports to Child 

Protective Services (Dubowitz et al., 2005).  

Related, though worthy of distinction from food insecurity’s de jure relationship 

with neglect, is the relationship between food insecurity and maltreatment more 

generally, including abuse. Food insecurity is a unique source of stress for families, and 

stress is a critical contributor to child maltreatment risk (Maguire-Jack & Negash, 2016; 

McBride et al., 2002; Rodriguez-JenKins & Marcenko, 2014; Warren & Font, 2015; 

Whipple & Webster-Stratton, 1991) Evidence suggests food insecurity is associated with 

increased risk of child maltreatment (Jackson et al., 2018), adverse childhood experiences 

(Jackson et al., 2019), and intimate partner violence, which is itself associated with child 

maltreatment (Breiding et al., 2017; Hatcher et al., 2019). Even in cases where parents 

can shield their children from food insecurity – for example, by going without food 

themselves and providing what they can for their children, which might mean avoiding 

instances of food neglect (Helton, 2016; McIntyre et al., 2003) – parents may still 

experience depression and stress, both which have negative impacts on children (Bronte-

Tinkew et al., 2007). Helton, Moore, and Henrichsen (2018) used a small sample (n=129) 

study of mothers at risk for child protective service involvement in Missouri to assess the 

relationship between food security and risk for child maltreatment, and find that food 



79 

 

insecurity may be “a potentially modifiable antecedent to abuse and neglect” (p. 263); 

another study contends food insecurity is a “potentially malleable risk factor… in relation 

to violence and victimization during childhood” (Jackson et al., 2018, p. 760). Providing 

resources for nutrition is a direct way to address this substantial source of family stress. 

Three additional pathways are considered that might reduce family stress, and 

thus impact abuse and neglect more generally. First, SNAP benefits are a direct way to 

address the issues of low SES, poverty, and financial stress. Though they might not 

necessarily raise a family up out of poverty, SNAP benefits are a way to mitigate or 

“alleviate the effects of poverty on low-income children” and their families (Lee & 

Mackey-Bilaver, 2007, p. 505). One specific effect of poverty that SNAP may alleviate is 

parental financial stress, which is another reason the program might make abuse and 

neglect less likely (Maguire-Jack & Negash, 2016). This might be explained by an 

income effect; SNAP benefit receipt increases discretionary incomes and changes 

consumption patterns (Castellari et al., 2017; Cotti et al., 2016) 

Lee and Mackey-Bilaver (2007) offer two additional reasons that SNAP might 

reduce family stress: SNAP benefits improve child health outcomes and have positive 

effects on child temperament. Children who are less healthy may be more likely to be 

abused, and children with difficult temperaments are also at greater risk (Brayden, 

Altemeier, Tucker, Dietrich, & Vietze, 1992 as cited in Lee & Mackey-Bilaver, 2007). 

Gundersen and Kreider (2009), using advanced nonparametric bounding methods to 

approach causality for food security and child health, find that “food security has a 

statistically significant positive impact on favorable general health and being a healthy 
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weight” and that “previous research has more likely underestimated than overestimated 

the causal impacts of food insecurity on health” (971).  

Food deserts are one limitation to the theory that SNAP ought to reduce food 

insecurity. While SNAP benefits should improve family food access, if food choices are 

inhibited (as in food deserts) then increased access might not substantially alter 

consumption behavior. One study does suggest that food security for SNAP recipients in 

a food desert improves when new supermarkets open in their neighborhood (Cantor et al., 

2020), but if choice remains limited then SNAP receipt might not affect food security. 

However, there are three reasons this objection does not substantively diminish the 

theoretical relationship between SNAP receipt and improvements in food security: first, 

only about 12.8 percent of people in the U.S. live in a food desert (The Annie E. Casey 

Foundation, 2021). Second, SNAP recipients in both rural and urban areas tend to do 

food shopping in areas outside their own neighborhoods to access desired foods 

(Mantovani, 1996; U.S. Dept. of Agriculture, Economic Research Service, 2009), so 

living in food deserts may not substantially inhibit improvements to food security from 

SNAP. Given that most SNAP recipients probably live in non-food desert areas and that 

even those who do may be able to travel to non-food desert areas, it should still be 

reasonable to expect SNAP receipt should improve food security. And, even if in food 

deserts SNAP does not substantially decrease food insecurity or lead to consumption of 

healthier foods, it may still reduce family stress and increase family investment by 

allowing families to dedicate resources previously allocated to food to other spending 

categories (shelter, clothing, parental time, etc.).  
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Because SNAP should reduce food insecurity and family stress, it should function 

as a protective factor mitigating maltreatment risk. This paper will attempt to assess the 

causal relationship between SNAP and child maltreatment outcomes.  

Methods 

Empirical approach 

This study’s identification strategy uses variation in state SNAP BBCE as an 

exogenous shock to SNAP enrollment to identify the impact of SNAP enrollment on 

child maltreatment outcomes. States with BBCE are compared to themselves pre-BBCE 

and to states which have never chosen to implement BBCE, in both difference-in-

differences and event study frameworks.  

Under BBCE, “households may become categorically eligible for SNAP because 

they qualify for a non-cash Temporary Assistance for Needy Families (TANF) or State 

maintenance of effort (MOE) funded benefit,” (United States Department of Agriculture, 

2018, p. 1). BBCE allows states to change their SNAP rules, including raising income 

eligibility thresholds and adopting less restrictive asset tests (Rosenbaum, 2019). As of 

2018, 40 states plus DC had broad-based categorical eligibility (Aussenberg & Falk, 

2018; Falk & Aussenberg, 2014). Estimates of increases in SNAP receipt due to BBCE 

range from around 3.5 percent (Ganong & Liebman, 2018) to about 6 percent (Andrews 

& Smallwood, 2012; Klerman & Danielson, 2011; Mabli et al., 2009); administrative and 

microsimulation data indicate around 8 percent of SNAP recipients qualify due to BBCE 

(Lauffer, 2019; Rosenbaum, 2019). Federal estimates put the number of households 

receiving SNAP due to BBCE at 914,000, which equates to 4.9 percent of eligible 
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households and 1.7 million people (Food and Nutrition Service, 2019). While precise 

estimates vary, that BBCE increases SNAP receipt is well established, both because 

BBCE increases the number of people eligible for SNAP and because it can simplify the 

process to receive SNAP benefits for people who might be eligible even without BBCE.  

Two assumptions critical to this paper’s analysis are that state BBCE decisions 

are influenced neither by child maltreatment outcomes, nor by unobserved characteristics 

that might also influence child maltreatment outcomes (the exogeneity assumption) and 

that non-BBCE states constitute valid counterfactuals for states with BBCE – i.e. that 

absent the policy change BBCE states would continue to behave similarly to non-BBCE 

states (the parallel trends assumption).  

While there are no formal tests that can conclusively prove the validity of 

exogeneity and parallel trends – they always remain assumptions – their validity can be 

supported. Regarding exogeneity, recent research suggests state BBCE decisions may 

have been influenced by state economic conditions such as unemployment. While some 

states had BBCE prior to the Great Recession, in 2009 USDA recommended states begin 

utilizing BBCE and 41 had adopted the policy change by 2011 (Ganong & Liebman, 

2018; Shahin, 2009). Given that state economic conditions might influence both state 

BBCE decisions and child maltreatment, this could be a source of concern regarding 

endogeneity if state economic conditions remained unobserved characteristics. However, 

this paper controls for state economic conditions, including median income, 

unemployment, poverty, and gross state product, to minimize these types of endogeneity 

concerns. 
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A variety of approaches have been used previously to assess the validity of the 

parallel trends assumption, including explicitly modeling a linear trend difference in the 

pre-treatment period between the treated and control groups and then checking for that 

trend’s statistical significance, and using event studies to identify whether pre-treatment 

“treatment effects” are statistically significant. However, recent research indicates a 

number of problems to such approaches. For example, depending on specification, such 

tests are often underpowered to identify economically significant parallel trend violations 

and may at other times identify statistically significant but economically insignificant 

trend violations (Bilinski & Hatfield, 2020; Roth, 2018, 2018; Roth et al., 2022). Another 

issue is that conditioning research based on passing such a parallel trends test may bias 

results away from representative real-world data generating processes (DGPs) and 

towards the subset of such DGPs that produce stable pre-treatment trends (Roth, 2020; 

Roth et al., 2022). Such approaches also turn the nature of hypothesis testing upside-

down: instead of assuming a violation exists and attempting to find evidence it does not, 

such tests assume no violation and look for evidence that a violation might exist.  

One proposal to address such issues, adapted from medical research, is non-

inferiority testing (NIT; Bilinski & Hatfield, 2020; Roth et al., 2022). This approach 

recommends that researchers present results of two sets of models: one base model that 

assumes parallel trends, and another more complex model with divergent pre-treatment 

trends explicitly included. If the basic and more complex models show similar treatment 

effect coefficients in the post-treatment period, that provides evidence that any non-

parallel trends have little effect on results; if coefficients of the models vary, the degree 
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of variation also allows the researcher to identify the degree to which non-parallel trends 

may be influencing results, and the degree to which such non-parallel pre-trends call into 

question the parallel trends assumption. Additionally, Roth et al. (2022) recommend 

checking for parallel trends conditional on covariates, using event studies, and using 

estimation methods which incorporate regression adjustment and inverse probability 

weighting, such as are included in the doubly-robust Callaway-Sant’Anna difference-in-

differences (C-S DiD; Callaway & Sant’Anna, 2021; Sant’Anna & Zhao, 2020).  

Because state BBCE decisions vary over time, using an estimation approach that 

accounts for variation in treatment timing is critical (Borusyak et al., 2021; Callaway & 

Sant’Anna, 2021; de Chaisemartin & D’Haultfoeuille, 2021; Gardner, 2021; Goodman-

Bacon, 2021; Roth et al., 2022; Sant’Anna & Zhao, 2020; Sun & Abraham, 2020). One 

class of solutions to problems with TWFE with variation in treatment timing is to use 

imputation estimators (Borusyak et al., 2021; Gardner, 2021; Liu et al., 2021; 

Wooldridge, 2021), which “fit a TWFE regression… using observations only for units 

and time periods that are not-yet-treated. They then infer the never-treated potential 

outcome for each unit using the predicted value from this regression” (Roth et al., 2022, 

p. 16). One version of the imputation estimator is Gardner’s two stage DiD. The outcome 

of interest is regressed on unit and time fixed effects (and, optionally, covariates) only for 

periods where treatment has not yet occurred – including both never and not-yet treated 

units; and then in a second stage, regressing the residual of the first stage on the treatment 

variable, which can either take the form of a standard DiD term (0 for never treated, 0 for 

treatment units pre-treatment, 1 for treatment units post-treatment) or be additionally 
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interacted with time to generate event-study estimates. While this paper uses Gardner’s 

two-stage DiD (Butts & Gardner, 2021; Gardner, 2021; Thakral & Tô, 2020) as its 

preferred specification, results from the Callaway-Sant’Anna DiD (Callaway & 

Sant’Anna, 2021; Rios-Avila et al., 2021; Sant’Anna & Zhao, 2020) are also presented.  

This paper’s preferred specification takes the following form. Es indicates the 

quarter when a state s begins BBCE. Ksq = q – Es indicates quarters relative to states 

beginning BBCE. For treatment states, negative values of Ksq indicate quarters prior to 

BBCE and positive values indicate quarters since BBCE. For never-treated states, Ksq = -

1. Dsq = 1{q≥Es} indicates states are treated; Dsq = 0 indicates either not-yet or never 

treated states.  

First, the maltreatment rate Y (maltreatment rate per 1000 children, by type) in 

state s and quarter q is regressed on state and quarter fixed effects (βs and ρq, 

respectively) and a vector of state-year specific demographic, economic, and policy 

covariates X and error term ϵ for periods where Ksq < 0, i.e. only including never-treated 

and not-yet treated states. 

Equation 1: Gardner two-stage DiD (stage 1) 

 

𝑌𝑠𝑞 = 𝛼 + 𝛽𝑠 +  𝜌𝑞 + 𝜃𝑋𝑠𝑦 +  𝜖𝑠𝑞  {𝑠, 𝑞: 𝐾𝑠𝑞 < 0} 

For difference-in-difference estimates, the second stage regresses the residuals 

from the first stage (ϵ̂sq  = Ysq - Ŷsq) on the treatment variable Dsq with error term υ using 

the full sample. 

Equation 2: Gardner two-stage DiD (stage 2, DiD) 

 

𝜖 ̂𝑠𝑞 =  𝛿𝐷𝑠𝑞 +  𝜐𝑠𝑞 
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Alternatively, for event study estimates, the second stage is adjusted to include k, 

a measure of quarters relative to state selection into BBCE. Treatment states have values 

of k between -20 (five years before BBCE) to 20 (five years after BBCE), excluding k = -

1 as the reference group. Never-treated states are set to k = -1. δ for k = -20 through k = -2 

show pre-BBCE “treatment effects”, the difference between treatment units and never-

treated units in the pre-treatment period. δ for k = 0 through k = 20 show the difference 

between treatment and never-treated units in the treatment period; these are the estimated 

dynamic treatment effects. 

Equation 3: Gardner two-stage DiD (stage 2, event study) 

 

𝜖 ̂𝑠𝑞 =  ∑ 𝛿𝑘{𝐾𝑠𝑞 = 𝑘; 𝑘 ≠ −1}

20

𝑘=−20

+ 𝜐𝑠𝑞 

Covariates included in X in the first stage include economic, demographic, and 

policy covariates. Economic and demographic covariates include the poverty rate, percent 

of population that is white, percent of adult population with high school education or 

higher, gross state product, binary variable for whether the state governor is Democrat, 

percent of state upper and lower legislative houses that are Democrat, median household 

income, employment rate, and marriage rate. Policy covariates include both non-SNAP 

policies and SNAP policies other than BBCE. Non-SNAP policy covariates include 

percent of population receiving Women, Infants, and Children (WIC) benefits, percent of 

children in low-income families who are uninsured (a proxy for State Children’s Health 

Insurance Program coverage, which changed substantially in the early 2000s), percent of 

state population receiving Temporary Assistance for Needy Families (TANF) benefits, 
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and the state minimum wage. SNAP policy covariates include whether states are 

operating call centers for SNAP, whether states have streamlined application processes 

for SNAP and SSI, the median SNAP certification periods for households with and 

without earnings, whether states allow telephone interviews for initial certification and 

recertification, whether states require fingerprinting, whether states allow online 

applications, total SNAP outreach spending, whether states have simplified reporting 

options, and whether states have SNAP auto deductions higher than standard. 

Data 

Child maltreatment outcome data are drawn from the National Child Abuse and 

Neglect Data System’s (NCANDS) Child Files from 2000 through 2019. These data, 

which include individual report-level records of all child maltreatment reports made to 

Child Protective Services in each state and subsequently reported to the federal 

government by the states (with some missing data from certain states in certain report 

years), are converted to quarterly state population-level rates using annual population 

estimates from the Surveillance, Epidemiology, and End Results (SEER) Program. Some 

prior research using NCANDS data has log-transformed counts of reports, or in some 

cases log-transformed report rates, in order to make data closer to normally distributed 

and reduce the influence of outliers. In this study, visual inspection of report rate 

distributions via histogram (Figure 3.5) show approximately normal distribution with 

slight right skew; log-transformation either of counts or of rates moves distributions of 

state-level data away from normal. Figure 3.7 replicates the study’s preferred 
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specification using log-transformed maltreatment report counts, by-type, to show that this 

decision does not substantially influence results.  

In addition to child maltreatment reports, NCANDS also includes substantiation 

for each report, and substantiated reports could be considered alongside overall reports. 

However, assessing impact on reports is preferable for a number of reasons, including 

that substantiation has been found to vary due to factors other than actual maltreatment 

risk (Jones & Finkelhor, 2001), because children subject to reports are at similar risk of 

future cases of maltreatment regardless of substantiation of initial reports (Chalk, 2012; 

Fallon et al., 2010; Hussey et al., 2005; H. Kim et al., 2017; Kohl et al., 2009), and 

reports are considered a more accurate measure of maltreatment incidence than 

substantiated cases (H. Kim et al., 2017).  

State-year demographic, economic, and non-SNAP policy covariates are drawn 

primarily from the National Welfare Data state panel dataset (University of Kentucky 

Center for Poverty Research, 2022). Education is drawn from Current Population Survey 

Annual Social and Economic Supplements (CPS ASEC, Flood et al., 2021). Household 

median incomes are from Federal Reserve Economic Data (St. Louis Fed, 2022). Both 

BBCE treatment and other SNAP policy covariates are drawn from the United States 

Department of Agriculture’s SNAP Policy Database (Tiehen et al., 2019).   

Table 3.1 compares mean values of the dependent variables and covariates 

between control (never-BBCE) states and treatment (pre-BBCE) states using two-sample 

t-tests (significance of the difference between groups shown in with p-values). One item 

of general concern might be that treatment states are different from control states, with 
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lower levels of SNAP receipt, food insecurity, and overall maltreatment, higher levels of 

neglect, and lower levels of medical neglect and sexual abuse. However, this is only a 

concern if that difference is also time-variant; that is assessed in event study results 

(which indicate differences appear to be time invariant). Despite some variation in levels 

of dependent variables, for the most part they show stable parallel trends (with some 

exceptions discussed below).  

Variation in levels of SNAP receipt should also be of lesser concern because 

SNAP policies other than BBCE (represented by the SNAP policy covariates) in general 

became more liberal over time (even in non-BBCE states), increasing eligibility and 

reducing transaction costs and stigma associated with SNAP (Tiehen & Marquardt, 

2020). Inclusion of those policy variables, which changed in some cases after states 

adopted BBCE, explains some of the difference between control and pre-treatment states. 

Beyond SNAP receipt, a more general observation is that inclusion of the rich set of 

economic, political, and demographic variables will explain large portions of variation 

between control and pre-treatment states (treatment and control states are more similar 

when also conditioned on covariates). 

Results 

Figure 3.1 shows results of event studies examining the impact of BBCE on 

SNAP receipt and food insecurity (all log-transformed counts, rather than rates) – 

mechanisms by which portions of this paper’s theoretical model function. Results 

indicate increases in SNAP receipt of about 5 percent post-BBCE. While the DiD 

coefficient for the entire post-treatment period is not statistically significant at p < .05, 
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event study results show increasing enrollment starting about 3 quarters after BBCE starts 

and increasing consistently for the next 5 years; the increase is large enough to reach 

statistical significance at p < .05 within about 20 quarters. Results for food insecurity 

measures show reductions for 8-12 quarters after starting BBCE, with effect sizes of 

about 15 percent over 5 years. Taken together, these results provide some evidence that 

broad-based categorical eligibility leads to increases in SNAP receipt (which are in the 

range of previously identified treatment effects) and reductions in marginal food 

insecurity, supporting this paper’s proposed theoretical model.  

Figure 3.2 shows the event study and DiD results for maltreatment report rates, by 

type, using Gardner two-stage DiD and the full array of covariates from Table 3.1. 

Results show reductions in neglect report rates (1.55, 23 percent) and sexual abuse report 

rates (0.08, 11 percent) which are statistically significant at p < .05. Reductions in these 

report rates are consistent for about the first three years post-BBCE and they level off 

after. Results of Bilinski and Hatfield non-inferiority testing (NIT), in which divergent 

pre-treatment trends are explicitly modeled via restricted linear splines, are shown in 

Figure 3.6. While estimated treatment effects are smaller in Figure 3.6 (the coefficient on 

neglect is -0.59, which is equivalent to an 8.8 percent decrease; the coefficient on sexual 

abuse is -0.06, which is equivalent to an 8.6 percent decrease), trends remain consistent 

and effects are significant at p < .05 within five years. NIT results indicate that divergent 

pre-treatment trends may explain part of the observed effects in Figure 3.2, but effects are 

still observed after modelling divergent trends. Physical abuse and medical neglect show 
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decreases in this specification as well, but their effects are less precisely estimated, and as 

shown in the following figures, are sensitive to model specification. 

Results from Gardner two-stage DiD with a smaller array of covariates including 

just poverty rate, percent of state population that is white, percent of adults with high 

school education or higher, and state child population are shown in Figure 3.3, along with 

results from Callway-Sant’Anna doubly-robust DiD using the same covariates. This 

shows that both physical abuse and medical neglect results are sensitive to model 

specification: physical abuse is consistent between Gardner and C-S in Figure 3.3, but 

estimates are inconsistent with those from Figure 3.2. Medical neglect results are not 

consistent across estimators, with C-S showing a statistically significant (and large) 

decrease, but with no observed treatment effect in this version of the Gardner DiD. 

Estimated reductions in neglect are both statistically significant at p < .05 for most of the 

study period and are practically significant, with reductions similar to those observed in 

Figure 3.2. Sexual abuse results are also consistent between Gardner and C-S DiD in 

Figure 3.3, though results are less precisely estimated and are statistically insignificant at 

p < .05. 

The doubly-robust C-S estimator includes both stabilized inverse probability 

weighting and outcome regression adjustment – two additional approaches recommended 

when considering parallel trend assumptions (Roth et al., 2022). Figure 3.4 replicates the 

doubly-robust C-S approach from Figure 3.3, but uses county-level rather than state-level 

data. Because distributions vary when considering county-level data, these use log 

transformed counts rather than rates. County-level results indicate a 16 percent reduction 



92 

 

in neglect and a 12 percent reduction in sexual abuse, though both are imprecisely 

estimated and do not reach statistical significance at p < .05 during the study period. 

Medical neglect shows an imprecisely estimated and inconsistent effect. Physical abuse 

shows a reduction of 32 percent, large enough that even with wide confidence intervals it 

remains statistically significant for most of the post-treatment period. 

Figure 3.7 replicates Figure 3.2 using log transformed counts of state-level child 

maltreatment reports, rather than rates per 1000 children. Results for neglect and sexual 

abuse show consistent reductions. Physical abuse shows a 15 percent reduction with very 

wide confidence intervals including zero, indicating imprecise estimation and no 

statistical significance at p < .05 , and medical neglect shows a reduction of 36 percent, 

which is not significant at p < .05 during the whole period (though statistically significant 

in 2 individual periods near the end of the sample).  

Discussion 

This study finds that BBCE increases receipt of SNAP, supporting the proposed 

identification strategy to exploit BBCE as a shock to SNAP receipt, and reduces multiple 

measures of food insecurity, supporting the proposed theoretical model that SNAP 

reduces food insecurity. Gardner two-stage DiD results show reductions in both neglect 

and sexual abuse, though those have some pre-treatment divergent trends and NIT 

suggests those divergent trends drive portions of estimated treatment coefficients. C-S 

DiD results, which include doubly-robust regression adjustment and stabilized inverse 

probability weighting, correct for those pre-treatment divergent trends and still show 

reductions in neglect and sexual abuse after BBCE. Reductions in neglect and sexual 
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abuse following BBCE are consistent across estimators, model specification, and units of 

analysis. Some specifications show reductions in physical abuse and neglect, but those 

results are sensitive to model specification and units of analysis.  

That increases in SNAP receipt could lead to reductions in neglect is in line with 

previous research: Lee and Mackey-Bilaver (2007) find associations between SNAP 

receipt and reductions in child abuse and neglect reports, and Bullinger et al., (2021) find 

proximity to retail locations that accept SNAP is associated with reductions in both child 

maltreatment reports and substantiated cases of maltreatment. Considering that food 

insecurity and food neglect are intrinsically linked and that food neglect constitutes some 

portion of overall neglect reports, this is to be expected: if BBCE reduces food insecurity, 

it should reduce neglect as well. However, what makes this finding more interesting is 

that reductions in food insecurity and neglect are of similar sizes: each appear to have 

decreased, in some specifications, by about 15 percent. Food insecurity and food neglect 

are probably not perfectly correlated, and even if they were, food neglect constitutes only 

a portion of overall neglect reports. While some of the estimated reduction in neglect is 

probably due to reduced food insecurity and food neglect, it would be reasonable to think 

that some portions of the reduction in neglect are for other forms of neglect, such as 

clothing, medical care, or supervisory.  

It is reasonable that this paper does not find robust estimated effects on physical 

abuse: child neglect is several times more closely associated with low socioeconomic 

status than is physical abuse (Sedlak et al., 2010). Reductions in medical neglect in some 
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specifications are interesting, but are less readily interpretable as robust causal effects 

given their sensitivity to model specification.  

This paper’s most novel finding is the relationship between BBCE and reductions 

in child sexual abuse. Findings suggest BBCE led to reductions in child sexual abuse 

reports of between 8.6 and 17 percent. One reasonable concern with such a large 

estimated effect is that BBCE is only estimated to lead to increases of SNAP receipt of 

about 5 percent; sexual abuse is estimated to decrease by an amount twice the gain in 

SNAP receipt. There are several explanations for this finding. First, socioeconomic status 

is a risk factor for sexual abuse incidence: the Fourth National Incidence Study finds 

children in low-socioeconomic status households are around three times more likely to 

experience sexual abuse than are children not living in low-socioeconomic status 

households (Sedlak et al., 2010) and other studies also find SES is a risk factor (Assink et 

al., 2019). Policies that affect low-socioeconomic status households might have an 

outsize effect on related outcomes. Second, child sexual abuse incidence may be much 

higher than reported estimates suggest (Harvey et al., 2021; Priebe & Svedin, 2008) and 

some argue socioeconomic status is a risk factor for child sexual abuse reporting rather 

than incidence (Finkelhor, 1993). While robust and recent evidence indicates 

socioeconomic status is a risk factor for incidence, if it were also a risk factor for 

reporting – i.e. if low SES households were more likely to be reported than higher SES 

households – then estimated rates would disproportionately be counting cases from low 

socioeconomic status families and undercounting incidence from families with higher 



95 

 

socioeconomic status. In that case, the denominator of overall cases may be much larger 

(and thus the real percentage reduction in overall cases smaller than estimated here).  

Limitations 

An ideal dataset for identifying the causal effect of SNAP receipt on child 

maltreatment outcomes would include individual level data with both child maltreatment 

and family socioeconomic and demographic characteristics. While the NCANDS data on 

which this study is based are at the child-report level, they do not include socioeconomic 

characteristics and are not identifiable in any way that could merge them with other 

individual-level data. In order to include such additional data, this study collapses counts 

of reports to the state-level and merges on additional state-level covariates. This 

aggregation eliminates variation at more granular units of analysis, such as the individual 

or county-level, and also substantially limits the study’s sample size.  

This study also uses maltreatment reports, and not substantiated cases, as its 

dependent variables. While this is probably a more accurate way to assess incidence of 

maltreatment, this also means that reports of maltreatment which have been found not to 

meet standards sufficient to qualify as substantiated are being counted. Another issue 

with using child maltreatment reports is that this study can only assess the relationship 

between BBCE and cases of maltreatment that are reported. If maltreatment cases are not 

reported, they would not be considered in this study.  

Using reports as a proxy for incidence might be problematic if there is systemic 

bias in child maltreatment reporting, especially insofar as that bias might also interact 

with SNAP BBCE. While SES is commonly understood to be a risk factor for child 
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maltreatment, SES might also be a risk factor for child maltreatment reporting (Finkelhor, 

1993); some research indicates families of lower socioeconomic status may be more 

likely to be reported for child maltreatment by laypeople (Calheiros et al., 2020) and by 

pediatricians (Laskey et al., 2012). However, reviews of bias in child maltreatment 

reporting have found “that the overrepresentation of poor children is driven largely by the 

presence of increased risk among the poor children that come to the attention of child 

welfare rather than high levels of systemic class bias” (Jonson-Reid et al., 2009, p. 1) and 

that there is little empirical evidence that disproportionate representation of low-SES 

families in child maltreatment is due to bias (Drake & Zuravin, 1998). Disentangling 

report risk from incidence is beyond the scope of this research, but if any systematic bias 

in maltreatment reporting also has an interaction with SNAP receipt, that could 

complicate interpretation of study findings.  

This study’s preferred specification includes an array of state economic factors, 

including gross state product, poverty rate, median household income, and employment 

rate, and several political factors including Democratic control of each house of state 

legislatures and the governorship. To the extent that inclusion of these variables does not 

sufficiently control for factors that influence state decisions regarding BBCE, there might 

be some concern about endogenous selection into treatment, which would undermine the 

identification strategy and weaken causal interpretation of the results.  

Last, while this study controls for variation in additional SNAP policy variables, it 

does not control for variation in state policies defining child maltreatment. While models 

including unit fixed effects should absorb any inter-state policy variation (if time 
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invariant), unit and time fixed effects would not account for changes to state definitions 

of child maltreatment. This would be of particular concern if in-state maltreatment 

definition variations also interacted with SNAP BBCE variation. Future research should 

consider approaches to account for variation of state maltreatment policies over time.   

Conclusion 

This study provides some of the first nationally representative estimates of the 

causal effect of SNAP receipt on child maltreatment reports. Results indicate BBCE led 

to reductions in neglect reports and sexual abuse reports. Some results showed reductions 

in physical abuse and medical neglect, though those findings were sensitive to model 

specification.  

This study’s findings have practical applications. They contribute to the literature 

on externalities associated with the Supplemental Nutrition Assistance Program and 

improve our understanding of benefits the program provides beyond its effect of reducing 

food insecurity and improving health. The findings expand on our knowledge relating to 

the impacts specifically of broad-based categorical eligibility for SNAP. The findings 

also contribute to our understanding of the etiology of child maltreatment and how 

antipoverty programs may reduce child maltreatment risk, across multiple types of 

maltreatment.  
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Tables 

Table 3.1 Pre-treatment descriptive statistics, t-test 

  Controls  

(non-BBCE) 

Treatment  

(pre-BBCE) 

p-value 

Dependent variables 

 SNAP receipt 9.82 8.98 0.00 

Marginally food insecure, % 23.66 22.13 0.00 

Food insecure, % 13.86 13.04 0.00 

Very low food security, % 4.62 4.21 0.00 

Overall maltreatment report rate per 1000 children 11.88 10.92 0.00 

Physical abuse report rate per 1000 children 2.28 2.24 0.55 

Neglect report rate per 1000 children 5.81 6.73 0.00 

Medical neglect report rate per 1000 children 0.24 0.19 0.00 

Sexual abuse report rate per 1000 children 0.95 0.70 0.00 

Covariates 

 Population below FPL, % 12.05 12.29 0.18 

Population that is white, % 84.50 80.63 0.00 

Population with HS education or higher, % 82.81 81.22 0.00 

Gross state product (thousands) 159,274 295,869 0.00 

State governors, % Democrat 37.65 44.91 0.01 

State legislature lower house, % Democrat 38.37 55.82 0.00 

State legislature upper house, % Democrat 35.89 55.30 0.00 

Median household income 60,913.30 61,893.10 0.06 

Employment rate, % 62.74 61.80 0.00 

Marriage rate, % 54.84 52.54 0.00 

Population 3,662,007 6,519,721 0.00 

Non-SNAP policy covariates 

 WIC receipt, % 7.34 7.52 0.15 

Uninsured children in low-income families, % 4.92 6.01 0.00 

Population receiving TANF benefits, % 1.11 1.34 0.00 

State minimum wage 6.01 6.11 0.13 

SNAP policy covariates 

 Operating SNAP call centers, % 32.69 32.19 0.84 

Streamlined application for SNAP/SSI, % 10.55 19.46 0.00 

Certification period (months), HH with earnings, median 8.54 7.96 0.00 

Certification period (months), HH without earnings, median 9.06 8.65 0.01 

Allowing telephone interviews for initial certification, % 41.18 10.63 0.00 

Allowing telephone interviews for recertification, % 51.47 27.84 0.00 

Requiring fingerprinting of SNAP recipients, % 0.00 12.43 0.00 

Allowing online SNAP application, % 44.85 25.00 0.00 

SNAP outreach spending dollars (thousands) 10.81 36.20 0.00 

Simplified reporting option, % 70.43 82.78 0.00 

SNAP auto deductions higher than standard, % 8.06 11.08 0.06 

Table shows t-test comparing means for treated (pre-treatment) and control states (control mean, treatment mean, and 

p-value of difference between the two).  
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Figures 

 
Figure 3.1 Event study, SNAP receipt and food security, Gardner DiD, state-level 

Graphs display differences in estimated coefficients of SNAP receipt and three levels of food insecurity (all log-

transformed) between treated and control states from 20 quarters before to 20 quarters after BBCE. Solid gray line 

shows estimated coefficient in each quarter; dashed gray lines show upper and lower confidence intervals; horizontal 

gray dotted line shows estimated post-treatment DiD coefficient. All models are estimated using Gardner two-stage 

difference-in-difference and include state and quarter fixed effects and the full array of demographic, economic, 

political, and policy covariates. Eicker-Huber-White robust standard errors included, clustered at state-level.  
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Figure 3.2 Event study, child maltreatment report rates, Gardner DiD, state-level 

Graphs display differences in estimated coefficients of child maltreatment report rate (by-type) for all children between 

treated and control states from 20 quarters before to 20 quarters after BBCE. Solid gray line shows estimated 

coefficient in each quarter; dashed gray lines show upper and lower confidence intervals; horizontal gray dotted line 

shows estimated post-treatment DiD coefficient. All models are estimated using Gardner two-stage difference-in-

difference and include state and quarter fixed effects and the full array of demographic, economic, political, and policy 

covariates. Eicker-Huber-White robust standard errors included, clustered at state-level. Compare to Figure 3.6 for 

Bilinksi and Hatfield non-inferiority test.   
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Figure 3.3 Event study, child maltreatment report rates, Gardner and C-S DiD, state-level 

Graphs display results from Gardner two-stage DiD and doubly robust Callaway-Sant’Anna DiD to estimate 

differences in coefficients of child maltreatment report rate (by type) between treated and control states from 20 

quarters before to 20 quarters after BBCE. All models include poverty rate, percent of population that is white, percent 

of adults with high school or higher education, and county child population, with cluster-robust standard errors. 
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Figure 3.4 Event study, child maltreatment reports (log-transformed), C-S DiD, county-level 

Graphs display differences in estimated coefficients of the log of child maltreatment reports (by-type) between treated 

and control counties from 20 quarters before to 20 quarters after BBCE. Solid black line shows estimated coefficients 

in each quarter; solid gray lines show upper and lower confidence intervals; horizontal gray dashed line shows post-

treatment DiD coefficient. All models are estimated using doubly robust Callaway-Sant’Anna difference-in-difference 

and include county child population, county unemployment rate, percent of the county population that is Black, and 

percent of adults in the state with high school education or higher. Standard errors clustered at state-level. 
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       Count                Log-transformed count 

   
       Rate per 1000               Log-transformed rate per 1000 

  
Figure 3.5 Histogram, distributions of child neglect reports by measure 

Histograms show distributions of child neglect reports by count, log-transformed count, rate per 1000 

children, and log-transformed rate per 1000 children.  
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Figure 3.6 Event study, child maltreatment report rates, Gardner DiD, state-level, NIT 

Graphs display differences in estimated coefficients of child maltreatment (by-type) for all children between treated 

and control states from 20 quarters before to 20 quarters after BBCE. Solid gray line shows estimated coefficient in 

each quarter; dashed gray lines show upper and lower confidence intervals; horizontal gray dotted line shows estimated 

post-treatment DiD coefficient. All models are estimated using Gardner two-stage difference-in-difference and include 

state and quarter fixed effects and the full array of demographic, economic, political, and policy covariates. Models 

also include linear spline trend differences between treated and control states in the pre-treatment period to explicitly 

model non-parallel trends (compare to Figure 3.2 for Bilinksi and Hatfield non-inferiority test). Eicker-Huber-White 

robust standard errors included, clustered at state-level. 
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Figure 3.7 Event study, child maltreatment reports, log-transformed, Gardner DiD, state-level 

Graphs display differences in estimated coefficients of log-transformed child maltreatment reports (by-type) for all 

children between treated and control states from 20 quarters before to 20 quarters after BBCE. Solid gray line shows 

estimated coefficient in each quarter; dashed gray lines show upper and lower confidence intervals; horizontal gray 

dotted line shows estimated post-treatment DiD coefficient. All models are estimated using Gardner two-stage 

difference-in-difference and include state and quarter fixed effects and the full array of demographic, economic, 

political, and policy covariates. Eicker-Huber-White robust standard errors included, clustered at state-level. 

 



106 

 

REFERENCES 

Abadie, A. (2021). Using Synthetic Controls: Feasibility, Data Requirements, and 

Methodological Aspects. Journal of Economic Literature, 59(2), 391–425. 

https://doi.org/10.1257/jel.20191450 

Abadie, A., Diamond, A., & Hainmueller, J. (2010). Synthetic Control Methods for 

Comparative Case Studies: Estimating the Effect of California’s Tobacco Control 

Program. Journal of the American Statistical Association, 105(490), 493–505. 

Abadie, A., Diamond, A., & Hainmueller, J. (2015). Comparative Politics and the 

Synthetic Control Method. American Journal of Political Science, 59(2), 495–

510. https://doi.org/10.1111/ajps.12116 

Addison, J. T., & Blackburn, M. (1999). Minimum Wages and Poverty. ILR Review, 

52(3), 393–409. https://doi.org/10.1177/001979399905200302 

Albert, V. N. (2017). Impact of Short Lifetime Limits on Child Neglect. Journal of 

Sociology, 44(2), 53–78. 

Anand, P., Hyde, J. S., Colby, M., & O’Leary, P. (2019). The Impact of Affordable Care 

Act Medicaid Expansions on Applications to Federal Disability Programs. Forum 

for Health Economics & Policy. https://doi.org/10.1515/fhep-2018-0001 

Andrade, F. C. D., Kramer, K. Z., Greenlee, A., Williams, A. N., & Mendenhall, R. 

(2019). Impact of the Chicago Earned Income Tax Periodic Payment intervention 

on food security. Preventive Medicine Reports, 16, 100993. 

https://doi.org/10.1016/j.pmedr.2019.100993 

Andrews, M., & Smallwood, D. (2012, March). What’s Behind the Rise in SNAP 

Participation? Amber Waves, 10(1). 

http://search.proquest.com/docview/1033049268/abstract/1BF2001018B84993PQ

/1 

Assini-Meytin, L. C., Nair, R., McGinty, E. B., Stuart, E. A., & Letourneau, E. J. (2022). 

Is the Affordable Care Act Medicaid Expansion Associated With Reported 

Incidents of Child Sexual Abuse? Child Maltreatment, 10775595221079604. 

https://doi.org/10.1177/10775595221079605 

Assink, M., van der Put, C. E., Meeuwsen, M. W. C. M., de Jong, N. M., Oort, F. J., 

Stams, G. J. J. M., & Hoeve, M. (2019). Risk factors for child sexual abuse 

victimization: A meta-analytic review. Psychological Bulletin, 145(5), 459–489. 

https://doi.org/10.1037/bul0000188 

Aussenberg, R. A., & Falk, G. (2018). The Supplemental Nutrition Assistance Program 

(SNAP): Categorical Eligibility (CRS Report No. R42054). Congressional 

Research Service. https://fas.org/sgp/crs/misc/R42054.pdf 

Austin, A. E., Lesak, A. M., & Shanahan, M. E. (2020). Risk and Protective Factors for 

Child Maltreatment: A Review. Current Epidemiology Reports, 7(4), 334–342. 

https://doi.org/10.1007/s40471-020-00252-3 



107 

 

Averett, S., & Wang, Y. (2018). Effects of Higher EITC Payments on Children’s Health, 

Quality of Home Environment, and Noncognitive Skills. Public Finance Review, 

46(4), 519–557. https://doi.org/10.1177/1091142116654965 

Azar, J., Huet-Vaughn, E., Marinescu, I., Taska, B., & von Wachter, T. (2019). Minimum 

Wage Employment Effects and Labor Market Concentration (Working Paper No. 

26101; Working Paper Series). National Bureau of Economic Research. 

https://doi.org/10.3386/w26101 

Baicker, K., Taubman, S. L., Allen, H. L., Bernstein, M., Gruber, J. H., Newhouse, J. P., 

Schneider, E. C., Wright, B. J., Zaslavsky, A. M., & Finkelstein, A. N. (2013). 

The Oregon Experiment—Effects of Medicaid on Clinical Outcomes. New 

England Journal of Medicine, 368(18), 1713–1722. 

https://doi.org/10.1056/NEJMsa1212321 

Baker, A., Larcker, D. F., & Wang, C. C. Y. (2021). How Much Should We Trust 

Staggered Difference-In-Differences Estimates? SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.3794018 

Barrilleaux, C., & Rainey, C. (2014). The Politics of Need: Examining Governors’ 

Decisions to Oppose the “Obamacare” Medicaid Expansion. State Politics & 

Policy Quarterly, 14(4), 437–460. https://doi.org/10.1177/1532440014561644 

Bartfeld, J., Gundersen, C., Smeeding, T. M., & Ziliak, J. P. (2015). Introduction. In 

SNAP Matters: How Food Stamps Affect Health and Well-Being. Stanford 

University Press. 

Beimers, D., & Coulton, C. J. (2011). Do employment and type of exit influence child 

maltreatment among families leaving Temporary Assistance for Needy Families? 

Children and Youth Services Review, 33(7), 1112–1119. 

https://doi.org/10.1016/j.childyouth.2011.02.002 

Berger, L. M. (2004). Income, family structure, and child maltreatment risk. Children 

and Youth Services Review, 26(8), 725–748. 

https://doi.org/10.1016/j.childyouth.2004.02.017 

Berger, L. M., Font, S. A., Slack, K. S., & Waldfogel, J. (2017). Income and child 

maltreatment in unmarried families: Evidence from the earned income tax credit. 

Review of Economics of the Household; Dordrecht, 15(4), 1345–1372. 

http://dx.doi.org.mutex.gmu.edu/10.1007/s11150-016-9346-9 

Berger, L. M., & Waldfogel, J. (2011). Economic Determinants and Consequences of 

Child Maltreatment. OECD. https://doi.org/10.1787/5kgf09zj7h9t-en 

Bernstein, J., & Shierholz, H. (2014). The Minimum Wage: A Crucial Labor Standard 

That Is Well Targeted to Low- and Moderate-Income Households. Journal of 

Policy Analysis and Management, 33(4), 1036–1043. 

https://doi.org/10.1002/pam.21791 

Biehl, A. M., & Hill, B. (2018). Foster care and the earned income tax credit. Review of 

Economics of the Household, 16(3), 661–680. https://doi.org/10.1007/s11150-

017-9381-1 

Bilinski, A., & Hatfield, L. A. (2020). Nothing to see here? Non-inferiority approaches to 

parallel trends and other model assumptions. ArXiv:1805.03273 [Stat]. 

http://arxiv.org/abs/1805.03273 



108 

 

Blewett, L. (2012, October 12). Medicaid Expansion: Out of the Woodwork or onto the 

Welcome Mat? SHADAC. https://www.shadac.org/news/medicaid-expansion-out-

woodwork-or-welcome-mat 

Borusyak, K., Jaravel, X., & Spiess, J. (2021). Revisiting Event Study Designs: Robust 

and Efficient Estimation. ArXiv:2108.12419 [Econ]. 

http://arxiv.org/abs/2108.12419 

Brayden, R. M., Altemeier, W. A., Tucker, D. D., Dietrich, M. S., & Vietze, P. (1992). 

Antecedents of child neglect in the first two years of life. The Journal of 

Pediatrics, 120(3), 426–429. https://doi.org/10.1016/S0022-3476(05)80912-6 

Breck, A. (2018). Effect of the Supplemental Nutrition Assistance Program on Health 

and Healthcare Expenditures [Ph.D., New York University]. 

http://search.proquest.com/docview/2124411755/abstract/3F9D172AA0D9462DP

Q/1 

Breiding, M. J., Basile, K. C., Klevens, J., & Smith, S. G. (2017). Economic Insecurity 

and Intimate Partner and Sexual Violence Victimization. American Journal of 

Preventive Medicine, 53(4), 457–464. 

https://doi.org/10.1016/j.amepre.2017.03.021 

Brenzel, A., Huebner, R., Seyfred, J., Minter, G., Moss, N., Adi-Brown, R., Adams, K., 

Arvin, P., Cheek, M., Dile, D., Durbin, L., Grace, J., Piacsek, J., Redmond, S., 

Webb, T., & Jennings, M. (2007). Child Abuse Recognition Education: Surveys of 

Physicians and DCBS Staff. Kentucky Cabinet for Health and Family Services 

Department for Community Based Services and Prevent Child Abuse Kentucky. 

http://chfs.ky.gov/nr/rdonlyres/4e07feaa-876e-4f3b-9331-

0e323c555dab/0/caresurveyreport.pdf 

Bronte-Tinkew, J., Zaslow, M., Capps, R., Horowitz, A., & McNamara, M. (2007). Food 

Insecurity Works through Depression, Parenting, and Infant Feeding to Influence 

Overweight and Health in Toddlers. The Journal of Nutrition, 137(9), 2160–2165. 

https://doi.org/10.1093/jn/137.9.2160 

Brown, E. C. B., Garrison, M. M., Bao, H., Qu, P., Jenny, C., & Rowhani-Rahbar, A. 

(2019). Assessment of Rates of Child Maltreatment in States With Medicaid 

Expansion vs States Without Medicaid Expansion. JAMA Network Open, 2(6), 

e195529–e195529. https://doi.org/10.1001/jamanetworkopen.2019.5529 

Buchmueller, T. C., Grumbach, K., Kronick, R., & Kahn, J. G. (2005). Book Review: 

The Effect of Health Insurance on Medical Care Utilization and Implications for 

Insurance Expansion: A Review of the Literature. Medical Care Research and 

Review, 62(1), 3–30. https://doi.org/10.1177/1077558704271718 

Bullinger, L. R., Fleckman, J. M., & Fong, K. (2021). Proximity to SNAP-authorized 

retailers and child maltreatment reports. Economics & Human Biology, 42, 

101015. https://doi.org/10.1016/j.ehb.2021.101015 

Bullinger, L. R., Lindo, J. M., & Schaller, J. (2021). Economic Determinants of Child 

Maltreatment. In G. B. Ramello & A. Marciano (Eds.), Encyclopedia of Law and 

Economics (pp. 1–11). Springer New York. https://doi.org/10.1007/978-1-4614-

7883-6_583-2 



109 

 

Butts, K., & Gardner, J. (2021). Did2s: Two-Stage Difference-in-Differences. 

ArXiv:2109.05913 [Econ]. http://arxiv.org/abs/2109.05913 

Caetano, C., Callaway, B., Payne, S., & Rodrigues, H. S. (2022). Difference in 

Differences with Time-Varying Covariates. ArXiv:2202.02903 [Econ]. 

http://arxiv.org/abs/2202.02903 

Calheiros, M. M., Garrido, M. V., Ferreira, M. B., & Duarte, C. (2020). Laypeople’s 

decision-making in reporting child maltreatment: Child and family characteristics 

as a source of bias. Psychology of Violence, 10(6), 638–647. 

https://doi.org/10.1037/vio0000342 

Callaway, B., & Sant’Anna, P. H. C. (2021). Difference-in-Differences with multiple 

time periods. Journal of Econometrics, 225(2), 200–230. 

https://doi.org/10.1016/j.jeconom.2020.12.001 

Callison, K., Walker, B., Stoecker, C., Self, J., & Diana, M. L. (2021). Medicaid 

Expansion Reduced Uncompensated Care Costs At Louisiana Hospitals; May Be 

A Model For Other States: Study examines Medicaid expansion and 

uncompensated care costs at Louisiana hospitals. Health Affairs, 40(3), 529–535. 

https://doi.org/10.1377/hlthaff.2020.01677 

Cancian, M., Yang, M.-Y., & Slack, K. S. (2013). The Effect of Additional Child Support 

Income on the Risk of Child Maltreatment. Social Service Review, 87(3), 417–

437. https://doi.org/10.1086/671929 

Cantor, J., Beckman, R., Collins, R. L., Dastidar, M. G., Richardson, A. S., & Dubowitz, 

T. (2020). SNAP Participants Improved Food Security And Diet After A Full-

Service Supermarket Opened In An Urban Food Desert. Health Affairs, 39(8), 

1386–1394. https://doi.org/10.1377/hlthaff.2019.01309 

Card, D., & Krueger, A. (1994). Minimum Wages and Employment: A Case Study of the 

Fast Food Industry in New Jersey and Pennsylvania. The American Economic 

Review, 84(4). https://doi.org/10.3386/w4509 

Card, D., & Krueger, A. B. (1995a). A Living Wage? The Effects of the Minimum Wage 

on the Distribution of Wages, the Distribution of Family Earnings, and Poverty. 

In Myth and Measurement: The New Economics of the Minimum Wage. Princeton 

University Press. https://davidcard.berkeley.edu/papers/minwage%20fam.pdf 

Card, D., & Krueger, A. B. (1995b). Time-Series Minimum Wage Studies: A Meta-

analysis. The American Economic Review, 85(2), 238–243. 

Card, D., & Krueger, A. B. (1998). A Reanalysis of the Effect of the New Jersey Minimum 

Wage Increase on the Fast-food Industry with Representative Payroll Data 

(Working Paper Series No. 6386). National Bureau of Economic Research. 

https://davidcard.berkeley.edu/papers/reanal-ff-nj.pdf 

Carlson, S., & Keith-Jennings, B. (2018). SNAP Is Linked with Improved Nutritional 

Outcomes and Lower Health Care Costs. 19. 

Castellari, E., Cotti, C., Gordanier, J., & Ozturk, O. (2017). Does the Timing of Food 

Stamp Distribution Matter? A Panel-Data Analysis of Monthly Purchasing 

Patterns of US Households. Health Economics, 26(11), 1380–1393. 

https://doi.org/10.1002/hec.3428 



110 

 

Caswell, J. A., & Yaktine, A. L. (2013). History, Background, and Goals of the 

Supplemental Nutrition Assistance Program. In Supplemental Nutrition 

Assistance Program: Examining the Evidence to Define Benefit Adequacy. 

National Academies Press (US). 

https://www.ncbi.nlm.nih.gov/books/NBK206907/ 

Center on Budget and Policy Priorities. (2022). Temporary Assistance for Needy Families 

(Policy Basics). https://www.cbpp.org/sites/default/files/atoms/files/7-22-

10tanf2.pdf 

Centers for Medicare & Medicaid Services. (2018, August). August 2018 Medicaid & 

CHIP Enrollment Data Highlights. Medicaid.Gov. 

https://www.medicaid.gov/medicaid/program-information/medicaid-and-chip-

enrollment-data/report-highlights/index.html 

Chalk, R. (2012). Background Paper: Major Research Advances Since the Publication of 

the 1993 NRC Report Understanding Child Abuse and Neglect: Highlights from 

the Literature. In S. Olson & C. Stroud (Eds.), Child Maltreatment Research, 

Policy, and Practice for the Next Decade: Workshop Summary. National 

Academies Press (US). https://doi.org/10.17226/13368 

Chapman, D. P., Whitfield, C. L., Felitti, V. J., Dube, S. R., Edwards, V. J., & Anda, R. 

F. (2004). Adverse childhood experiences and the risk of depressive disorders in 

adulthood. Journal of Affective Disorders, 82(2), 217–225. 

https://doi.org/10.1016/j.jad.2003.12.013 

Child Welfare Information Gateway. (2015). Mandatory Reporters of Child Abuse and 

Neglect. https://www.childwelfare.gov/pubPDFs/manda.pdf 

Child Welfare Information Gateway. (2019). Definitions of Child Abuse and Neglect (p. 

98). https://www.childwelfare.gov/pubPDFs/define.pdf 

Coleman, M. S., Kellermann, A. L., Andersen, R. M., Ayanian, J. Z., Blendon, R. J., 

Davis, S. P., Eads, G. C., Hernandez, S. R., Manning, W. G., Mongan, J. J., 

Queram, C., Sofaer, S., Trejo, S. J., Tuckson, R. V., Wagner, E. H., Wallack, L., 

Miller, W., & Wolman, D. M. (2002). Health Insurance is a Family Matter. 

Institute of Medicine; Board on Health Care Services; Committee on the 

Consequences of Uninsurance. https://www.nap.edu/catalog/10503/health-

insurance-is-a-family-matter 

Conger, R. (1994). Families in Troubled Times: Adapting to Change in Rural America. 

Routledge. 

Congressional Budget Office. (2019). Federal Mandatory Spending for Means-Tested 

Programs, 2009 to 2029. https://www.cbo.gov/system/files/2019-06/55347-

MeansTested.pdf 

Conrad, A., Gamboni, C., Johnson, V., Wojciak, A. S., & Ronnenberg, M. (2020). Has 

the US Child Welfare System Become an Informal Income Maintenance 

Programme? A Literature Review. Child Abuse Review, 29(6), 529–543. 

https://doi.org/10.1002/car.2607 

Cotti, C., Gordanier, J., & Ozturk, O. (2016). Eat (and Drink) Better Tonight: Food 

Stamp Benefit Timing and Drunk Driving Fatalities. AMERICAN JOURNAL OF 

HEALTH ECONOMICS, 24. 



111 

 

Courtemanche, C., Marton, J., Ukert, B., Yelowitz, A., & Zapata, D. (2017). Early 

Impacts of the Affordable Care Act on Health Insurance Coverage in Medicaid 

Expansion and Non-Expansion States. Journal of Policy Analysis and 

Management, 36(1), 178–210. https://doi.org/10.1002/pam.21961 

Courtney, M. E., Dworsky, A., Piliavin, I., & Zinn, A. (2005). Involvement of TANF 

Applicant Families with Child Welfare Services. Social Service Review, 79(1), 

119–157. https://doi.org/10.1086/426720 

Cuadra, L. E., Jaffe, A. E., Thomas, R., & DiLillo, D. (2014). Child maltreatment and 

adult criminal behavior: Does criminal thinking explain the association? Child 

Abuse & Neglect, 38(8), 1399–1408. https://doi.org/10.1016/j.chiabu.2014.02.005 

Currie, J., & Madrian, B. C. (1999). Chapter 50: Health, health insurance and the labor 

market. In Handbook of Labor Economics (Vol. 3, pp. 3309–3416). Elsevier. 

https://doi.org/10.1016/S1573-4463(99)30041-9 

Currie, J., & Widom, C. S. (2010). Long-term consequences of child abuse and neglect 

on adult economic well-being. Child Maltreatment, 15(2), 111–120. 

https://doi.org/10.1177/1077559509355316 

Danese, A., Moffitt, T. E., Harrington, H., Milne, B. J., Polanczyk, G., Pariante, C. M., 

Poulton, R., & Caspi, A. (2009). Adverse Childhood Experiences and Adult Risk 

Factors for Age-Related Disease: Depression, Inflammation, and Clustering of 

Metabolic Risk Markers. Archives of Pediatrics & Adolescent Medicine, 163(12), 

1135–1143. https://doi.org/10.1001/archpediatrics.2009.214 

de Chaisemartin, C., & D’Haultfoeuille, X. (2021). Two-Way Fixed Effects and 

Differences-in-Differences with Heterogeneous Treatment Effects: A Survey. 

ArXiv:2112.04565 [Econ]. http://arxiv.org/abs/2112.04565 

Text—S.3817—111th Congress (2009-2010): CAPTA Reauthorization Act of 2010, 

(2010) (testimony of Christopher J. Dodd). https://www.congress.gov/bill/111th-

congress/senate-bill/3817/text 

Drake, B., & Jonson-Reid, M. (2013). Chapter 7: Poverty and Child Maltreatment. In 

Handbook on child maltreatment. Springer. 

Drake, B., Jonson-Reid, M., Kim, H., Chiang, C.-J., & Davalishvili, D. (2021). Chapter 9. 

Disproportionate Need as a Factor Explaining Racial Disproportionality in the 

CW System. In A. J. Dettlaff (Ed.), Racial Disproportionality and Disparities in 

the Child Welfare System (Vol. 11). Springer International Publishing. 

https://doi.org/10.1007/978-3-030-54314-3 

Drake, B., & Zuravin, S. (1998). Bias in child maltreatment reporting: Revisiting the 

myth of classlessness. American Journal of Orthopsychiatry, 68(2). 

https://calio.org/wp-content/uploads/2018/05/Bias-in-child-maltreatment-

reporting-Revisiting-the-myth-of-classlessness.pdf 

Dranove, D., Garthwaite, C., & Ody, C. (2016). Uncompensated Care Decreased At 

Hospitals In Medicaid Expansion States But Not At Hospitals In Nonexpansion 

States. Health Affairs, 35(8), 1471–1479. 

https://doi.org/10.1377/hlthaff.2015.1344 



112 

 

Dubowitz, H., Kim, J., Black, M. M., Weisbart, C., Semiatin, J., & Magder, L. S. (2011). 

Identifying children at high risk for a child maltreatment report. Child Abuse & 

Neglect, 35(2), 96–104. https://doi.org/10.1016/j.chiabu.2010.09.003 

Dubowitz, H., Pitts, S. C., Litrownik, A. J., Cox, C. E., Runyan, D., & Black, M. M. 

(2005). Defining child neglect based on child protective services data. Child 

Abuse & Neglect, 29(5), 493–511. https://doi.org/10.1016/j.chiabu.2003.09.024 

Duggan, A., McFarlane, E., Fuddy, L., Burrell, L., Higman, S. M., Windham, A., & Sia, 

C. (2004). Randomized trial of a statewide home visiting program: Impact in 

preventing child abuse and neglect. Child Abuse & Neglect, 28(6), 597–622. 

https://doi.org/10.1016/j.chiabu.2003.08.007 

Elklit, A., Karstoft, K.-I., Armour, C., Feddern, D., & Christoffersen, M. (2013). 

Predicting criminality from child maltreatment typologies and posttraumatic stress 

symptoms. European Journal of Psychotraumatology, 4(1), 19825. 

https://doi.org/10.3402/ejpt.v4i0.19825 

Falk, G., & Aussenberg, R. A. (2014). The Supplemental Nutrition Assistance Program 

(SNAP): Categorical Eligibility (CRS Report No. R42054). Congressional 

Research Service. 

https://www.everycrsreport.com/files/20141222_R42054_ddf53be7cb68a783c84b

3c9d3cb47fa1ee2ff0b1.pdf 

Fallon, B., Trocmé, N., Fluke, J., MacLaurin, B., Tonmyr, L., & Yuan, Y.-Y. (2010). 

Methodological challenges in measuring child maltreatment. Child Abuse & 

Neglect, 34(1), 70–79. https://doi.org/10.1016/j.chiabu.2009.08.008 

Fang, X., Brown, D. S., Florence, C. S., & Mercy, J. A. (2012). The economic burden of 

child maltreatment in the United States and implications for prevention. Child 

Abuse & Neglect, 36(2), 156–165. https://doi.org/10.1016/j.chiabu.2011.10.006 

Fein, D. J., & Lee, W. S. (2003). The Impacts of Welfare Reform on Child Maltreatment 

in Delaware. Children and Youth Services Review, 25(1/2), 83–111. 

Felitti, V. J., Anda, R. F., Nordenberg, D., Williamson, D. F., Spitz, A. M., Edwards, V., 

Koss, M. P., & Marks, J. S. (1998). Relationship of Childhood Abuse and 

Household Dysfunction to Many of the Leading Causes of Death in Adults: The 

Adverse Childhood Experiences (ACE) Study. American Journal of Preventive 

Medicine, 14(4), 245–258. https://doi.org/10.1016/S0749-3797(98)00017-8 

Finkelhor, D. (1993). Epidemiological factors in the clinical identification of child sexual 

abuse. Child Abuse & Neglect, 17(1), 67–70. https://doi.org/10.1016/0145-

2134(93)90009-t 

Flaherty, E. G., Sege, R., Binns, H. J., Mattson, C. L., & Christoffel, K. K. (2000). Health 

Care Providers’ Experience Reporting Child Abuse in the Primary Care Setting. 

Archives of Pediatrics & Adolescent Medicine, 154(5), 489–493. 

https://doi.org/10.1001/archpedi.154.5.489 

Flaherty, E. G., Sege, R. D., Griffith, J., Price, L. L., Wasserman, R., Slora, E., 

Dhepyasuwan, N., Harris, D., Norton, D., Angelilli, M. L., Abney, D., & Binns, 

H. J. (2008). From Suspicion of Physical Child Abuse to Reporting: Primary Care 

Clinician Decision-Making. Pediatrics, 122(3), 611–619. 

https://doi.org/10.1542/peds.2007-2311 



113 

 

Flaherty, E. G., Sege, R., Price, L. L., Christoffel, K. K., Norton, D. P., & O’Connor, K. 

G. (2006). Pediatrician Characteristics Associated With Child Abuse 

Identification and Reporting: Results From a National Survey of Pediatricians. 

Child Maltreatment, 11(4), 361–369. https://doi.org/10.1177/1077559506292287 

Flaherty, E. G., & Stirling, J. (2010). The Pediatrician’s Role in Child Maltreatment 

Prevention. Pediatrics, 126(4), 833–841. https://doi.org/10.1542/peds.2010-2087 

Flood, S., King, M., Rodgers, R., Ruggles, S., Warren, J. R., & Westberry, M. (2021). 

Integrated Public Use Microdata Series, Current Population Survey: Version 9.0 

[dataset]. IPUMS. https://doi.org/10.18128/D030.V9.0 

Font, S. A., & Gershoff, E. T. (2020). Foster Care: How We Can, and Should, Do More 

for Maltreated Children. Social Policy Report, 33(3), 1–40. 

https://doi.org/10.1002/sop2.10 

Food and Nutrition Act of 2008, no. Public Law 110-246, 1. 

Food and Nutrition Service. (2019). Revision of Categorical Eligibility in the 

Supplemental Nutrition Assistance Program (SNAP). 

https://www.federalregister.gov/documents/2019/07/24/2019-15670/revision-of-

categorical-eligibility-in-the-supplemental-nutrition-assistance-program-snap 

Fussell, J. J. (2011). The Pediatrician’s Role in Family Support and Family Support 

Programs. Pediatrics, 128(6), e1680–e1684. https://doi.org/10.1542/peds.2011-

2664 

Galiani, S., & Quistorff, B. (2017). The Synth_Runner Package: Utilities to Automate 

Synthetic Control Estimation Using Synth. The Stata Journal, 17(4), 834–849. 

https://doi.org/10.1177/1536867X1801700404 

Ganong, P., & Liebman, J. B. (2018). The Decline, Rebound, and Further Rise in SNAP 

Enrollment: Disentangling Business Cycle Fluctuations and Policy Changes. 

American Economic Journal: Economic Policy, 10(4), 153–176. 

https://doi.org/10.1257/pol.20140016 

Gardner, J. (2021). Two-stage differences in differences. 34. 

Gertner, A. K., Robertson, A. G., Jones, H., Powell, B. J., Silberman, P., & Domino, M. 

E. (2020). The effect of Medicaid expansion on use of opioid agonist treatment 

and the role of provider capacity constraints. Health Services Research, 55(3), 

383–392. https://doi.org/10.1111/1475-6773.13282 

Gilbert, L. K., Breiding, M. J., Merrick, M. T., Thompson, W. W., Ford, D. C., Dhingra, 

S. S., & Parks, S. E. (2015). Childhood Adversity and Adult Chronic Disease: An 

Update from Ten States and the District of Columbia, 2010. American Journal of 

Preventive Medicine, 48(3), 345–349. 

https://doi.org/10.1016/j.amepre.2014.09.006 

Goodman-Bacon, A. (2021). Difference-in-Differences with Variation in Treatment 

Timing. Journal of Econometrics, w25018. https://doi.org/10.3386/w25018 

Gregory, N. (2014). The relationship between broad-based categorical eligibility and 

SNAP participation [Georgetown University]. 

https://repository.library.georgetown.edu/bitstream/handle/10822/709910/Gregor

y_georgetown_0076M_12615.pdf?sequence=1&isAllowed=y 



114 

 

Grogan-Kaylor, A., & Otis, M. D. (2003). The Effect of Childhood Maltreatment on 

Adult Criminality: A Tobit Regression Analysis. Child Maltreatment, 8(2), 129–

137. https://doi.org/10.1177/1077559502250810 

Grooms, J., & Ortega, A. (2019). Examining Medicaid Expansion and the Treatment of 

Substance Use Disorders. AEA Papers and Proceedings, 109, 187–191. 

https://doi.org/10.1257/pandp.20191090 

Gudmunson, C. G., Son, S., Lee, J., & Bauer, J. W. (2010). EITC Participation and 

Association With Financial Distress Among Rural Low-Income Families. Family 

Relations, 59(4), 369–382. https://doi.org/10.1111/j.1741-3729.2010.00609.x 

Gundersen, C., & Kreider, B. (2009). Bounding the effects of food insecurity on 

children’s health outcomes. Journal of Health Economics, 28(5), 971–983. 

https://doi.org/10.1016/j.jhealeco.2009.06.012 

Guth, M., Garfield, R., & Rudowitz, R. (2020). The Effects of Medicaid Expansion under 

the ACA: Updated Findings from a Literature Review (p. 100). Kaiser Family 

Foundation. 

Gwirtzman Lane, W. (2014). Prevention of Child Maltreatment. Pediatric Clinics of 

North America, 61(5), 873–888. https://doi.org/10.1016/j.pcl.2014.06.002 

Han, J. (2016). The Impact of SNAP on Material Hardships: Evidence From Broad-

Based Categorical Eligibility Expansions. Southern Economic Journal, 83(2), 

464–486. https://doi.org/10.1002/soej.12171 

Harvey, K., Woodward, H., Vawda, H., Dack, R., Mano, P., Vithlani, R., Williamson, S., 

Taylor, A., Groucutt, J., Sivers, E., McDermott, H., Simons, E., & Kaul, M. 

(2021). Child Sexual Abuse: Children at Risk Are Being Ignored. Child Abuse 

Review, 30(1), 9–15. https://doi.org/10.1002/car.2662 

Hatcher, A. M., Stöckl, H., McBride, R.-S., Khumalo, M., & Christofides, N. (2019). 

Pathways From Food Insecurity to Intimate Partner Violence Perpetration Among 

Peri-Urban Men in South Africa. American Journal of Preventive Medicine, 

56(5), 765–772. https://doi.org/10.1016/j.amepre.2018.12.013 

Helton, J. (2016). Food neglect and maltreatment re-report. Children and Youth Services 

Review, 71, 77–83. https://doi.org/10.1016/j.childyouth.2016.10.042 

Helton, J. (2018, January 12). A Longitudinal Study of Household Food Insecurity, 

Maternal Depression, and Physical Child Abuse in a National Sample of at Risk 

Families. Society for Social Work and Research, Washington, D.C. 

https://sswr.confex.com/sswr/2018/webprogram/Paper32329.html 

Helton, J., Jackson, D. B., Boutwell, B. B., & Vaughn, M. G. (2019). Household Food 

Insecurity and Parent-to-Child Aggression. Child Maltreatment, 24(2), 213–221. 

https://doi.org/10.1177/1077559518819141 

Helton, J., Moore, A. R., & Henrichsen, C. (2018). Food security status of mothers at-risk 

for child maltreatment. Children and Youth Services Review, 93, 263–269. 

https://doi.org/10.1016/j.childyouth.2018.07.031 

Henley, T. (2016). Medicaid Expansion in the United States: A State Comparative Study 

Examining Factors that Influence State Decision Making. School of Public 

Service Theses & Dissertations. https://doi.org/10.25777/q9ag-s569 



115 

 

Herendeen, P. A., Blevins, R., Anson, E., & Smith, J. (2014). Barriers to and 

Consequences of Mandated Reporting of Child Abuse by Nurse Practitioners. 

Journal of Pediatric Health Care, 28(1), e1–e7. 

https://doi.org/10.1016/j.pedhc.2013.06.004 

Hoynes, H., & Whitmore Schanzenbach, D. (2016). US Food and Nutrition Programs. In 

R. A. Moffitt (Ed.), Economics of Means-Tested Transfer Programs in the United 

States, Volume I. University of Chicago Press. 

https://doi.org/10.7208/chicago/9780226370507.001.0001 

Hudson, J. L., & Moriya, A. S. (2017). Medicaid Expansion For Adults Had Measurable 

“Welcome Mat” Effects On Their Children. Health Affairs; Chevy Chase, 36(9), 

1643–1651. http://dx.doi.org.mutex.gmu.edu/10.1377/hlthaff.2017.0347 

Huntington-Klein, N., Arenas, A., Beam, E., Bertoni, M., Bloem, J. R., Burli, P., Chen, 

N., Greico, P., Ekpe, G., Pugatch, T., Saavedra, M., & Stopnitzky, Y. (2020). The 

Influence of Hidden Researcher Decisions in Applied Microeconomics. 43. 

Hussey, J. M., Marshall, J. M., English, D. J., Knight, E. D., Lau, A. S., Dubowitz, H., & 

Kotch, J. B. (2005). Defining maltreatment according to substantiation: 

Distinction without a difference? Child Abuse & Neglect, 29(5), 479–492. 

https://doi.org/10.1016/j.chiabu.2003.12.005 

Internal Revenue Service. (2021, December 29). States and Local Governments with 

Earned Income Tax Credit. https://www.irs.gov/credits-

deductions/individuals/earned-income-tax-credit/states-and-local-governments-

with-earned-income-tax-credit 

Internal Revenue Service. (2022). Statistics for Tax Returns with the Earned Income Tax 

Credit (EITC) | Earned Income Tax Credit. https://www.eitc.irs.gov/eitc-

central/statistics-for-tax-returns-with-eitc/statistics-for-tax-returns-with-the-

earned-income 

Jackson, D. B., Chilton, M., Johnson, K. R., & Vaughn, M. G. (2019). Adverse 

Childhood Experiences and Household Food Insecurity: Findings From the 2016 

National Survey of Children’s Health. American Journal of Preventive Medicine, 

57(5), 667–674. https://doi.org/10.1016/j.amepre.2019.06.004 

Jackson, D. B., Lynch, K. R., Helton, J., & Vaughn, M. G. (2018). Food Insecurity and 

Violence in the Home: Investigating Exposure to Violence and Victimization 

Among Preschool-Aged Children. Health Education & Behavior, 45(5), 756–763. 

https://doi.org/10.1177/1090198118760683 

Jones, L., & Finkelhor, D. (2001). Decline in child sexual abuse cases. Washington, DC. 

http://hdl.handle.net/2027/mdp.39015052436915 

Jonson-Reid, M., Drake, B., & Kohl, P. L. (2009). Is the overrepresentation of the poor in 

child welfare caseloads due to bias or need? Children and Youth Services Review, 

31(3), 422–427. https://doi.org/10.1016/j.childyouth.2008.09.009 

Jonson-Reid, M., Kohl, P. L., & Drake, B. (2012). Child and Adult Outcomes of Chronic 

Child Maltreatment. Pediatrics, 129(5), 839–845. 

https://doi.org/10.1542/peds.2011-2529 

Kaiser Family Foundation. (2019, September 12). Total Medicaid Spending. 

https://www.kff.org/medicaid/state-indicator/total-medicaid-spending/ 



116 

 

Kaiser Family Foundation. (2020, May 29). Status of State Action on the Medicaid 

Expansion Decision. KFF. https://www.kff.org/health-reform/state-

indicator/state-activity-around-expanding-medicaid-under-the-affordable-care-act/ 

Kim, H., & Drake, B. (2017). Duration in Poverty-Related Programs and Number of 

Child Maltreatment Reports: A Multilevel Negative Binomial Study. Child 

Maltreatment, 22(1), 14–23. https://doi.org/10.1177/1077559516679512 

Kim, H., & Drake, B. (2018). Child maltreatment risk as a function of poverty and 

race/ethnicity in the USA. International Journal of Epidemiology, 47(3), 780–

787. https://doi.org/10.1093/ije/dyx280 

Kim, H., & Drake, B. (2019). Cumulative Prevalence of Onset and Recurrence of Child 

Maltreatment Reports. Journal of the American Academy of Child & Adolescent 

Psychiatry, 58(12), 1175–1183. https://doi.org/10.1016/j.jaac.2019.02.015 

Kim, H., Drake, B., & Jonson-Reid, M. (2018). An examination of class-based visibility 

bias in national child maltreatment reporting. Children and Youth Services 

Review, 85, 165–173. https://doi.org/10.1016/j.childyouth.2017.12.019 

Kim, H., Wildeman, C., Jonson-Reid, M., & Drake, B. (2017). Lifetime Prevalence of 

Investigating Child Maltreatment Among US Children. American Journal of 

Public Health, 107(2), 274–280. https://doi.org/10.2105/AJPH.2016.303545 

Kim, J. (2016). Do SNAP participants expand non-food spending when they receive 

more SNAP Benefits?—Evidence from the 2009 SNAP benefits increase. Food 

Policy, 65, 9–20. https://doi.org/10.1016/j.foodpol.2016.10.002 

Kim, J., & Cicchetti, D. (2006). Longitudinal Trajectories of Self-System Processes and 

Depressive Symptoms Among Maltreated and Nonmaltreated Children. Child 

Development, 77(3), 624–639. https://doi.org/10.1111/j.1467-8624.2006.00894.x 

Kisely, S., Abajobir, A. A., Mills, R., Strathearn, L., Clavarino, A., & Najman, J. M. 

(2018). Child maltreatment and mental health problems in adulthood: Birth cohort 

study. The British Journal of Psychiatry: The Journal of Mental Science, 213(6), 

698–703. https://doi.org/10.1192/bjp.2018.207 

Klerman, J. A., & Danielson, C. (2011). The transformation of the Supplemental 

Nutrition Assistance Program. Journal of Policy Analysis and Management, 

30(4), 863–888. https://doi.org/10.1002/pam.20601 

Klevens, J., Schmidt, B., Luo, F., Xu, L., Ports, K. A., & Lee, R. D. (2017). Effect of the 

Earned Income Tax Credit on Hospital Admissions for Pediatric Abusive Head 

Trauma, 1995-2013. Public Health Reports, 132(4), 505–511. 

https://doi.org/10.1177/0033354917710905 

Kohl, P. L., Jonson-Reid, M., & Drake, B. (2009). Time to Leave Substantiation Behind: 

Findings From A National Probability Study. Child Maltreatment, 14(1), 17–26. 

https://doi.org/10.1177/1077559508326030 

Lansford, J. E., Dodge, K. A., Pettit, G. S., Bates, J. E., Crozier, J., & Kaplow, J. (2002). 

A 12-Year Prospective Study of the Long-term Effects of Early Child Physical 

Maltreatment on Psychological, Behavioral, and Academic Problems in 

Adolescence. Archives of Pediatrics & Adolescent Medicine, 156(8), 824–830. 

https://doi.org/10.1001/archpedi.156.8.824 



117 

 

Larson, K., Cull, W. L., Racine, A. D., & Olson, L. M. (2016). Trends in Access to 

Health Care Services for US Children: 2000–2014. Pediatrics, e20162176. 

https://doi.org/10.1542/peds.2016-2176 

Laskey, A. L., Stump, T. E., Perkins, S. M., Zimet, G. D., Sherman, S. J., & Downs, S. 

M. (2012). Influence of Race and Socioeconomic Status on the Diagnosis of Child 

Abuse: A Randomized Study. The Journal of Pediatrics, 160(6), 1003-1008.e1. 

https://doi.org/10.1016/j.jpeds.2011.11.042 

Lauffer, S. (2019). State-by-State Impact of Proposed Changes to “Broad-Based 

Categorical Eligibility” in SNAP. Mathematica. 

https://www.mathematica.org/dataviz/impact-of-bbce-proposal-on-snap-caseloads 

Lee, B. J., & Mackey-Bilaver, L. (2007). Effects of WIC and Food Stamp Program 

participation on child outcomes. Children and Youth Services Review, 29(4), 501–

517. https://doi.org/10.1016/j.childyouth.2006.10.005 

Levy, H., Buchmueller, T., & Nikpay, S. (2019). The Impact of Medicaid Expansion on 

Household Consumption. Eastern Economic Journal, 45(1), 34–57. 

https://doi.org/10.1057/s41302-018-0124-7 

Liu, L., Wang, Y., & Xu, Y. (2021). A Practical Guide to Counterfactual Estimators for 

Causal Inference with Time-Series Cross-Sectional Data. ArXiv:2107.00856 

[Stat]. http://arxiv.org/abs/2107.00856 

Livingston, M. D., Woods-Jaeger, B., Spencer, R. A., Lemon, E., Walker, A., & Komro, 

K. A. (2021). Association of State Minimum Wage Increases with Child 

Maltreatment. Journal of Interpersonal Violence, 08862605211056727. 

https://doi.org/10.1177/08862605211056727 

Lombe, M., Yu, M., & Nebbitt, V. E. (2009). Assessing Effects of Food Stamp Program 

Participation on Child Food Security in Vulnerable Households: Do Informal 

Supports Matter? Families in Society, 90(4), 353–358. 

https://doi.org/10.1606/1044-3894.3930 

Mabli, J., Martin, E. S., & Castner, L. (2009). Effects of Economic Conditions and 

Program Policy on State Food Stamp Program Caseloads 2000 to 2006. IDEAS 

Working Paper Series from RePEc; St. Louis. 

http://search.proquest.com/docview/1698796179?rfr_id=info%3Axri%2Fsid%3A

primo 

MacKenzie, M. J., Kotch, J. B., & Lee, L.-C. (2011). Toward a cumulative ecological 

risk model for the etiology of child maltreatment. Children and Youth Services 

Review, 33(9), 1638–1647. https://doi.org/10.1016/j.childyouth.2011.04.018 

Maguire-Jack, K., Johnson-Motoyama, M., & Parmenter, S. (2021). A scoping review of 

economic supports for working parents: The relationship of TANF, child care 

subsidy, SNAP, and EITC to child maltreatment. Aggression and Violent 

Behavior, 101639. https://doi.org/10.1016/j.avb.2021.101639 

Maguire-Jack, K., & Negash, T. (2016). Parenting stress and child maltreatment: The 

buffering effect of neighborhood social service availability and accessibility. 

Children and Youth Services Review, 60, 27–33. 

https://doi.org/10.1016/j.childyouth.2015.11.016 



118 

 

Mantovani, R. E. (1996). Authorized Food Retailer Characteristics Study: Geographic 

Analysis of Retailer Access. Technical report III. U.S. Department of Agriculture, 

Food and Consumer Service, Office of Analysis and Evaluation. 

Marcal, K. E. (2018). The Impact of Housing Instability on Child Maltreatment: A 

Causal Investigation. Journal of Family Social Work, 21(4–5), 331–347. 

https://doi.org/10.1080/10522158.2018.1469563 

Mark, T. L., Wier, L. M., Malone, K., Penne, M., & Cowell, A. J. (2015). National 

Estimates of Behavioral Health Conditions and Their Treatment Among Adults 

Newly Insured Under the ACA. Psychiatric Services, 66(4), 426–429. 

https://doi.org/10.1176/appi.ps.201400078 

Marr, C., Huang, C.-C., Sherman, A., & DeBot, B. (2015). EITC and Child Tax Credit 

Promote Work, Reduce Poverty, and Support Children’s Development, Research 

Finds (p. 17). Center on Budget and Policy Priorities. 

https://www.cbpp.org/sites/default/files/atoms/files/6-26-12tax.pdf 

Mayo Clinic. (2015, October 7). Child abuse: Prevention. http://mayoclinic.org 

Mazurenko, O., Balio, C. P., Agarwal, R., Carroll, A. E., & Menachemi, N. (2018). The 

Effects Of Medicaid Expansion Under The ACA: A Systematic Review. Health 

Affairs, 37(6), 944–950. https://doi.org/10.1377/hlthaff.2017.1491 

McBride, B. A., Schoppe, S. J., & Rane, T. R. (2002). Child Characteristics, Parenting 

Stress, and Parental Involvement: Fathers Versus Mothers. Journal of Marriage 

and Family, 64(4), 998–1011. https://doi.org/10.1111/j.1741-3737.2002.00998.x 

McCray, N. (2018). Child health care coverage and reductions in child physical abuse. 

Heliyon, 4(11), e00945. https://doi.org/10.1016/j.heliyon.2018.e00945 

McGinty, E. E., Nair, R., Assini-Meytin, L. C., Stuart, E. A., & Letourneau, E. J. (2022). 

Impact of Medicaid Expansion on Reported Incidents of Child Neglect and 

Physical Abuse. American Journal of Preventive Medicine, 62(1), e11–e20. 

https://doi.org/10.1016/j.amepre.2021.06.010 

McIntyre, L., Glanville, N. T., Raine, K. D., Dayle, J. B., Anderson, B., & Battaglia, N. 

(2003). Do low-income lone mothers compromise their nutrition to feed their 

children? CMAJ: Canadian Medical Association Journal, 168(6), 686–691. 

McLaughlin, M. (2017). Less money, more problems: How changes in disposable income 

affect child maltreatment. Child Abuse & Neglect, 67, 315–321. 

https://doi.org/10.1016/j.chiabu.2017.03.006 

Mclaughlin, M. (2018). Three Essays on Taxation and Child Maltreatment. Arts & 

Sciences Electronic Theses and Dissertations. https://doi.org/10.7936/6xyb-fr72 

McMorrow, S., Gates, J. A., Long, S. K., & Kenney, G. M. (2017). Medicaid Expansion 

Increased Coverage, Improved Affordability, And Reduced Psychological 

Distress For Low-Income Parents. Health Affairs, 36(5), 808–818. 

https://doi.org/10.1377/hlthaff.2016.1650 

Medicaid and CHIP Payment and Access Commission. (2022). Mandatory and optional 

benefits. MACPAC. https://www.macpac.gov/subtopic/mandatory-and-optional-

benefits/ 

Miller, D. P., & Morrissey, T. (2017). Using Natural Experiments to Identify the Effects 

of SNAP on Child and Adult Health (DP 2017-04; Discussion Paper Series, p. 30). 



119 

 

University of Kentucky Center for Poverty Research. 

http://ukcpr.org/sites/ukcpr/files/research-pdfs/DP2017-04_Miller_Morrissey.pdf 

Miller, S., & Wherry, L. R. (2017). Health and Access to Care during the First 2 Years of 

the ACA Medicaid Expansions. New England Journal of Medicine, 376(10), 947–

956. https://doi.org/10.1056/NEJMsa1612890 

Miyamoto, S., Romano, P. S., Putnam-Hornstein, E., Thurston, H., Dharmar, M., & 

Joseph, J. G. (2017). Risk factors for fatal and non-fatal child maltreatment in 

families previously investigated by CPS: A case-control study. Child Abuse & 

Neglect, 63, 222–232. https://doi.org/10.1016/j.chiabu.2016.11.003 

Moghtaderi, A., Pines, J., Zocchi, M., & Black, B. (2020). The effect of Affordable Care 

Act Medicaid expansion on hospital revenue. Health Economics, 29(12), 1682–

1704. https://doi.org/10.1002/hec.4157 

Morgan, E. R., Hill, H. D., Mooney, S. J., Rivara, F. P., & Rowhani-Rahbar, A. (2020). 

State earned income tax credits and general health indicators: A quasi-

experimental national study 1993-2016. Health Services Research, 55(S2), 863–

872. https://doi.org/10.1111/1475-6773.13307 

Morgan, E. R., Hill, H. D., Mooney, S. J., Rivara, F. P., & Rowhani-Rahbar, A. (2022). 

State earned income tax credits and depression and alcohol misuse among women 

with children. Preventive Medicine Reports, 26, 101695. 

https://doi.org/10.1016/j.pmedr.2022.101695 

National Association of Children’s Hospitals and Related Institutions. (2011). Defining 

the Children’s Hospital Role in Child Maltreatment, Second Edition. 

http://cacnc.org/wp-content/uploads/2016/06/Childrens-Hospitals-role-in-child-

maltreatment.pdf 

National Research Council. (1993). Understanding Child Abuse and Neglect. National 

Academies Press (US). https://doi.org/10.17226/2117 

Neumark, D., Salas, J. M. I., & Wascher, W. (2014). Revisiting the Minimum Wage—

Employment Debate: Throwing Out the Baby with the Bathwater? ILR Review, 

67(3_suppl), 608–648. https://doi.org/10.1177/00197939140670S307 

Nichols, A., & Rothstein, J. (2016). The Earned Income Tax Credit. In R. A. Moffitt 

(Ed.), Economics of Means-Tested Transfer Programs in the United States, 

Volume I. University of Chicago Press. 

https://doi.org/10.7208/chicago/9780226370507.001.0001 

Nyman, J. A. (1999). The value of health insurance: The access motive. Journal of 

Health Economics, 18(2), 141–152. https://doi.org/10.1016/S0167-

6296(98)00049-6 

Office of Family Assistance. (2020, October 22). TANF and MOE Spending and 

Transfers by Activity, FY 2019 (Contains National & State Pie Charts). 

https://www.acf.hhs.gov/ofa/data/tanf-and-moe-spending-and-transfers-activity-

fy-2019-contains-national-state-pie-charts 

Ovwigho, P. C., Leavitt, K. L., & Born, C. E. (2003). Risk Factors for Child Abuse and 

Neglect Among Former TANF Families: Do Later Leavers Experience Greater 

Risk? Children and Youth Services Review, 25(1), 139–163. 

https://doi.org/10.1016/S0190-7409(02)00269-4 



120 

 

Pac, J. (2019). Three Essays on Child Maltreatment Prevention [Columbia University]. 

https://doi.org/10.7916/d8-y25b-cx13 

Paxson, C., & Waldfogel, J. (2002). Work, Welfare, and Child Maltreatment. Journal of 

Labor Economics, 20(3). 

Paxson, C., & Waldfogel, J. (2003). Welfare reforms, family resources, and child 

maltreatment. Journal of Policy Analysis and Management, 22(1), 85–113. 

https://doi.org/10.1002/pam.10097 

Pelton, L. H. (2015). The continuing role of material factors in child maltreatment and 

placement. Child Abuse & Neglect, 41, 30–39. 

https://doi.org/10.1016/j.chiabu.2014.08.001 

Pender, J., Jo, Y., & Miller, C. (2015). Economic Impacts of Supplemental Nutrition 

Assistance Program Payments in Nonmetro vs. Metro Counties. Agricultural and 

Applied Economics Association, 35. 

Peng, L., Guo, X., & Meyerhoefer, C. D. (2020). The effects of Medicaid expansion on 

labor market outcomes: Evidence from border counties. Health Economics, 29(3), 

245–260. https://doi.org/10.1002/hec.3976 

Pinard, C. A., Bertmann, F. M. W., Byker Shanks, C., Schober, D. J., Smith, T. M., 

Carpenter, L. C., & Yaroch, A. L. (2017). What Factors Influence SNAP 

Participation? Literature Reflecting Enrollment in Food Assistance Programs 

From a Social and Behavioral Science Perspective. Journal of Hunger & 

Environmental Nutrition, 12(2), 151–168. 

https://doi.org/10.1080/19320248.2016.1146194 

Priebe, G., & Svedin, C. G. (2008). Child sexual abuse is largely hidden from the adult 

society: An epidemiological study of adolescents’ disclosures. Child Abuse & 

Neglect, 32(12), 1095–1108. https://doi.org/10.1016/j.chiabu.2008.04.001 

Raghavan, R., Aarons, G. A., Roesch, S. C., & Leslie, L. K. (2008). Longitudinal 

Patterns of Health Insurance Coverage Among a National Sample of Children in 

the Child Welfare System. American Journal of Public Health, 98(3), 478–484. 

https://doi.org/10.2105/AJPH.2007.117408 

Raghavan, R., Allaire, B. T., Brown, D. S., & Ross, R. E. (2016). Medicaid 

Disenrollment Patterns Among Children Coming into Contact with Child Welfare 

Agencies. Maternal and Child Health Journal, 20(6), 1280–1287. 

https://doi.org/10.1007/s10995-016-1929-9 

Raghavan, R., Shi, P., James, S., Aarons, G. A., Roesch, S. C., & Leslie, L. K. (2009). 

Effects of Placement Changes on Health Insurance Stability Among a National 

Sample of Children in the Child Welfare System. Journal of Social Service 

Research, 35(4), 352–363. https://doi.org/10.1080/01488370903113161 

Raissian, K. M., & Bullinger, L. R. (2017). Money matters: Does the minimum wage 

affect child maltreatment rates? Children and Youth Services Review, 72, 60–70. 

https://doi.org/10.1016/j.childyouth.2016.09.033 

Ratcliffe, C., & McKernan, S.-M. (2010). How Much Does Snap Reduce Food 

Insecurity? (Contractor and Cooperator Report No. 60; p. 32). The Urban 

Institute. 



121 

 

Ratcliffe, C., McKernan, S.-M., & Finegold, K. (2008). Effects of Food Stamp and 

TANF Policies on Food Stamp Receipt. Social Service Review, 82(2), 291–334. 

https://doi.org/10.1086/589707 

Rehkopf, D. H., Strully, K. W., & Dow, W. H. (2014). The short-term impacts of Earned 

Income Tax Credit disbursement on health. International Journal of 

Epidemiology, 43(6), 1884–1894. https://doi.org/10.1093/ije/dyu172 

Remler, D. K., Korenman, S. D., & Hyson, R. T. (2017). Estimating The Effects Of 

Health Insurance And Other Social Programs On Poverty Under The Affordable 

Care Act. Health Affairs, 36(10), 1828–1837. 

https://doi.org/10.1377/hlthaff.2017.0331 

Ringel, J., Hosek, S. D., Vollaard, B. A., & Mahnovski, S. (2002). The Elasticity of 

Demand for Health Care [Product Page]. RAND Corporation. 

https://www.rand.org/pubs/monograph_reports/MR1355.html 

Rios-Avila, F., Callaway, B., & Sant’Anna, P. H. C. (2021, August). csdid: Difference-

in-Differences with Multiple Time Periods in Stata. Stata Conference. 

Rodriguez-JenKins, J., & Marcenko, M. O. (2014). Parenting stress among child welfare 

involved families: Differences by child placement. Children and Youth Services 

Review, 46, 19–27. https://doi.org/10.1016/j.childyouth.2014.07.024 

Rosenbaum, D. (2019). SNAP’s “Broad-Based Categorical Eligibility” Supports 

Working Families and Those Saving for the Future (p. 13). Center on Budget and 

Policy Priorities. 

Rostad, W. L., Ports, K. A., Tang, S., & Klevens, J. (2020). Reducing the Number of 

Children Entering Foster Care: Effects of State Earned Income Tax Credits. Child 

Maltreatment, 25(4), 393–397. https://doi.org/10.1177/1077559519900922 

Roth, J. (2018). Should We Adjust for the Test for Pre-trends in Difference-in-Difference 

Designs? ArXiv:1804.01208 [Econ, Math, Stat]. http://arxiv.org/abs/1804.01208 

Roth, J. (2020). Pre-test with Caution: Event-study Estimates After Testing for Parallel 

Trends. THE AMERICAN ECONOMIC REVIEW, 22. 

Roth, J., Sant’Anna, P. H. C., Bilinski, A., & Poe, J. (2022). What’s Trending in 

Difference-in-Differences? A Synthesis of the Recent Econometrics Literature. 54. 

Rudowitz, R., Hinton, E., Diaz, M., Guth, M., & Tian, M. (2019). Medicaid Enrollment 

& Spending Growth: FY 2019 & 2020. Kaiser Family Foundation. 

https://www.kff.org/medicaid/issue-brief/medicaid-enrollment-spending-growth-

fy-2019-2020/ 

Sant’Anna, P. H. C., & Zhao, J. B. (2020). Doubly Robust Difference-in-Differences 

Estimators. ArXiv:1812.01723 [Econ]. http://arxiv.org/abs/1812.01723 

Sattler, K. M. P. (2022). Protective factors against child neglect among families in 

poverty. Child Abuse & Neglect, 124, 105438. 

https://doi.org/10.1016/j.chiabu.2021.105438 

Schmitt, J. (2015). Explaining the Small Employment Effects of the Minimum Wage in 

the United States. Industrial Relations, 54(4), 547–581. 

https://doi.org/10.1111/irel.12106 

Schneider, W., Bullinger, L. R., & Raissian, K. M. (2021). How does the minimum wage 

affect child maltreatment and parenting behaviors? An analysis of the 



122 

 

mechanisms. Review of Economics of the Household. 

https://doi.org/10.1007/s11150-021-09590-7 

Sedlak, A. J., Mettenburg, J., Basena, M., Petta, I., McPherson, K., Greene, A., & Li, S. 

(2010). Fourth National Incidence Study of Child Abuse and Neglect (NIS-4): 

Report to Congress, Exective Summary. U.S. Department of Health and Human 

Services, Administration on Children and Families. 

https://www.acf.hhs.gov/sites/default/files/opre/nis4_report_exec_summ_pdf_jan

2010.pdf 

Shahin, J. (2009). Improving Access to SNAP through Broad-Based Categorical 

Eligibility. United States Department of Agriculture, Food and Nutrition Service. 

https://fns-prod.azureedge.net/sites/default/files/snap/Improving-SNAP-Acess-

through%20Broad-Based-Categorical-Eligibility.pdf 

Shook, K. (1999). Does the loss of welfare income increase the risk of involvement with 

the child welfare system? Children and Youth Services Review, 21(9), 781–814. 

https://doi.org/10.1016/S0190-7409(99)00054-7 

Silverman, A. B., Reinherz, H. Z., & Giaconia, R. M. (1996). The long-term sequelae of 

child and adolescent abuse: A longitudinal community study. Child Abuse & 

Neglect, 20(8), 709–723. https://doi.org/10.1016/0145-2134(96)00059-2 

Slack, K. S., Lee, B. J., & Berger, L. M. (2007). Do Welfare Sanctions Increase Child 

Protection System Involvement? A Cautious Answer. Social Service Review, 

81(2), 207–228. https://doi.org/10.1086/516831 

Spencer, R. A., Livingston, M. D., Komro, K. A., Sroczynski, N., Rentmeester, S. T., & 

Woods-Jaeger, B. (2021). Association between Temporary Assistance for Needy 

Families (TANF) and child maltreatment among a cohort of fragile families. 

Child Abuse & Neglect, 120, 105186. 

https://doi.org/10.1016/j.chiabu.2021.105186 

St. Louis Fed. (2022). Real Median Household Income by State, Annual. 

https://fred.stlouisfed.org/release/tables?rid=249&eid=259515&od=2000-01-01# 

Stevans, L. K., & Sessions, D. N. (2001). Minimum Wage Policy and Poverty in the 

United States. International Review of Applied Economics, 15(1), 65–75. 

https://doi.org/10.1080/02692170120013358 

Stockwell, M. S., Brown, J., Chen, S., & Irigoyen, M. (2007). Is There a Relationship 

Between Lacking a Primary Care Provider and Child Abuse? Ambulatory 

Pediatrics, 7(6), 439–444. https://doi.org/10.1016/j.ambp.2007.06.003 

Stockwell, M. S., Brown, J., Chen, S., Vaughan, R. D., & Irigoyen, M. (2008). Is 

Underimmunization Associated With Child Maltreatment? Ambulatory 

Pediatrics, 8(3), 210–213. https://doi.org/10.1016/j.ambp.2008.01.001 

Straus, M. A., Hamby, S. L., Finkelhor, D., Moore, D. W., & Runyan, D. (1998). 

Identification of Child Maltreatment With the Parent-Child Conflict Tactics 

Scales: Development and Psychometric Data for a National Sample of American 

Parents. Child Abuse & Neglect, 22(4), 249–270. https://doi.org/10.1016/S0145-

2134(97)00174-9 

Sun, L., & Abraham, S. (2020). Estimating Dynamic Treatment Effects in Event Studies 

with Heterogeneous Treatment Effects. 53. 



123 

 

Thakral, N., & Tô, L. (2020). Anticipation and Consumption. SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.3756188 

The Annie E. Casey Foundation. (2021, February 14). Exploring America’s Food 

Deserts. The Annie E. Casey Foundation. https://www.aecf.org/blog/exploring-

americas-food-deserts 

Theodore, A., Runyan, D., & Chang, J. J. (2007). Measuring the Risk of Physical Neglect 

in a Population-Based Sample. Child Maltreatment, 12(1), 96–105. 

https://doi.org/10.1177/1077559506296904 

Thompson, R., & Tabone, J. K. (2010). The impact of early alleged maltreatment on 

behavioral trajectories. Child Abuse & Neglect, 34(12), 907–916. 

https://doi.org/10.1016/j.chiabu.2010.06.006 

Thurston, H., Freisthler, B., Bell, J., Tancredi, D., Romano, P. S., Miyamoto, S., & 

Joseph, J. G. (2017). Environmental and individual attributes associated with 

child maltreatment resulting in hospitalization or death. Child Abuse & Neglect, 

67, 119–136. https://doi.org/10.1016/j.chiabu.2017.02.024 

Tiehen, L., & Marquardt, D. (2020). SNAP Policy Index: Overview. United States 

Department of Agriculture, Economic Research Service. 

https://public.tableau.com/views/SNAPPolicyIndexOverview/Overview?:render=

false&amp;tabs=no&amp;:embed=y&amp;:showAppBanner=false&amp;:showS

hareOptions=true&amp;:display_count=no&amp;:showVizHome=no&&:showVi

zHome=n&:tabs=n&:toolbar=n&:apiID=host0#navType=0&navSrc=Parse 

Tiehen, L., Todd, J. E., & Gregory, C. A. (2019). SNAP Policy Data Sets. United States 

Department of Agriculture, Economic Research Service. 

https://www.ers.usda.gov/data-products/snap-policy-data-sets/ 

University of Kentucky Center for Poverty Research. (2022). National Welfare Data. 

https://ukcpr.org/resources/national-welfare-data 

U.S. Department of Health & Human Services, Administration for Children and Families, 

Administration on Children, Youth and Families, Children’s Bureau. (2021). 

Child Maltreatment 2019 (p. 306). 

https://www.acf.hhs.gov/sites/default/files/documents/cb/cm2019.pdf 

U.S. Dept. of Agriculture. (2018). Broad-based categorical eligibility. https://fns-

prod.azureedge.net/sites/default/files/snap/BBCE.pdf 

U.S. Dept. of Agriculture, Economic Research Service. (2009). Access to Affordable and 

Nutritious Food: Measuring and Understanding Food  Deserts and Their 

Consequences: Report to Congress (p. 160). 

U.S. Dept. of Health and Human Services, Administration for Children and Families, 

Administration on Children, Youth and Families, Children’s Bureau. (2020). 

Child Maltreatment 2018 (No. 29; Child Maltreatment, p. 274). 

https://www.acf.hhs.gov/sites/default/files/documents/cb/cm2018.pdf 

U.S. Dept. of Health and Human Services, Center for Disease Control and Prevention, 

National Center for Injury Prevention and Control, Division of Violence 

Prevention. (2017, May 22). The Social-Ecological Model: A Framework for 

Prevention. https://www.cdc.gov/violenceprevention/overview/social-

ecologicalmodel.html 



124 

 

Warren, E. J., & Font, S. A. (2015). Housing Insecurity, Maternal Stress, and Child 

Maltreatment: An Application of the Family Stress Model. Social Service Review, 

89(1), 9–39. https://doi.org/10.1086/680043 

Wells, K. (2009). Substance abuse and child maltreatment. Pediatric Clinics of North 

America, 56(2), 345–362. https://doi.org/10.1016/j.pcl.2009.01.006 

Whipple, E. E., & Webster-Stratton, C. (1991). The role of parental stress in physically 

abusive families. Child Abuse & Neglect, 15(3), 279–291. 

https://doi.org/10.1016/0145-2134(91)90072-l 

White, A. M. (2021). The Medicaid Expansion: Modeling of Important Factors in State 

Decision Making. 57. 

Wildeman, C., Emanuel, N., Leventhal, J. M., Putnam-Hornstein, E., Waldfogel, J., & 

Lee, H. (2014). The Prevalence of Confirmed Maltreatment Among US Children, 

2004 to 2011. JAMA Pediatrics, 168(8), 706–713. 

https://doi.org/10.1001/jamapediatrics.2014.410 

Williams, S. C., Dalela, R., & Vandivere, S. (2022). In Defining Maltreatment, Nearly 

Half of States Do Not Specifically Exempt Families’ Financial Inability to 

Provide. Child Trends. https://www.childtrends.org/blog/in-defining-

maltreatment-nearly-half-of-states-do-not-specifically-exempt-families-financial-

inability-to-provide 

Wooldridge, J. M. (2021). Two-Way Fixed Effects, the Two-Way Mundlak Regression, 

and Difference-in-Differences Estimators. SSRN Electronic Journal. 

https://doi.org/10.2139/ssrn.3906345 

Yang, M.-Y. (2015). The effect of material hardship on child protective service 

involvement. Child Abuse & Neglect, 41, 113–125. 

https://doi.org/10.1016/j.chiabu.2014.05.009 

Zewde, N., & Wimer, C. (2019). Antipoverty Impact Of Medicaid Growing With State 

Expansions Over Time. Health Affairs, 38(1), 132–138. 

https://doi.org/10.1377/hlthaff.2018.05155 

Ziliak, J. P. (2016). Temporary Assistance for Needy Families. In R. A. Moffitt (Ed.), 

Economics of Means-Tested Transfer Programs in the United States, Volume I. 

University of Chicago Press. 

https://doi.org/10.7208/chicago/9780226370507.001.0001 

 



125 

 

BIOGRAPHY 

Neil McCray graduated from Hallsville High School in Texas in 2010. He received his 

Bachelor of Specialized Studies in Philosophy and Politics from Cornell College in 2013 

and his Master of Public Policy from George Mason University in 2017. He worked as a 

Senior Research Analyst and Research Consultant at The Lewin Group from 2014 

through 2019. He was also a research assistant, teaching assistant, and instructor at GMU 

from 2017 through 2021. Starting in 2020 he was a Senior Researcher with Virginia’s 

Department of Medical Assistance Services. He received his Ph.D. in Health Services 

Research with a concentration in Health Systems and Policy in 2022. 

 


	199aad4c-dc1b-41da-8b64-a7538c3a9313.pdf
	List of Tables
	List of Figures
	List of Equations
	List of Abbreviations
	Abstract
	1. Antipoverty programs as mitigating factors for child maltreatment risk
	Abstract
	Introduction
	Background
	What is child maltreatment
	Etiology of child maltreatment
	Socioeconomic status

	Antipoverty programs
	EITC
	SNAP
	Medicaid
	TANF
	Minimum wage

	Limitations
	Discussion and conclusion

	2. The impact of Affordable Care Act Medicaid expansions on child maltreatment
	Abstract
	Introduction
	Theoretical model of health insurance and child maltreatment
	Methods
	Empirical approach
	Data

	Results
	Discussion
	Limitations
	Conclusion
	Tables
	Figures

	3. Does the Supplemental Nutrition Assistance Program reduce child maltreatment?
	Abstract
	Introduction
	Background and theoretical model of SNAP and child maltreatment
	Methods
	Empirical approach
	Data

	Results
	Discussion
	Limitations
	Conclusion
	Tables
	Figures

	References


