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Abstract

This paper exploits variation resulting from a series of federal and state Medicaid ex-
pansions between 1979 and 2014 to estimate the effects of children’s access to pub-
lic health insurance on the labor market outcomes of parents. The results imply that
the extendedMedicaid eligibility of children leads to positive parental labor supply re-
sponses at the extensive and intensive margins. The analysis of mechanisms suggests
thatMedicaid is less likely towork throughmarital and educational outcomes and that
the effects are driven by the head of the family. The findings also illustrate the impor-
tance of siblings’ spillovers of Medicaid eligibility for program take-up of children and
parental outcomes.
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1 Introduction
Medicaid, oneof the largest governmentprograms in theUnitedStates, providedpub-

lic health insurance to 37.5% of all children ages 0 to 18 in 2019 (CPS, 2022). The litera-
ture demonstrates that access to public health insurance during childhood leads to pos-
itive short- and long-term effects on their outcomes (Buchmueller et al., 2016). Existing
work also documents possible family spillovers of child’s access to health insurance on
parental outcomes (Aouad, 2021). Hence, it is natural to ask whether and to what extent
children’s access toMedicaid can affect parental outcomes.

In this paper, I answer this question and study the effects of extended child Medicaid
eligibility onparental contemporaneous and long-term labormarket outcomes between
1979 and 2014. During the analysis period,Medicaidwas expanded, increasing access to
health insurance service for many low-income children. However, there was substantial
variation inMedicaid eligibility by state, year, and age of children. I exploit this variation
using the simulated eligibility strategy first developed by Currie and Gruber (1996a,b)
and Cutler and Gruber (1996). This approach uses only legislative variation in public
health insurance generosity specific to state, year, and child’s age, abstracting from char-
acteristics of the children or family that may be correlated with bothMedicaid eligibility
and the outcome of interest. To account for the eligibility of each child in the family and
address differences in eligibility across race and ethnicity groups, I use a family-level and
race-ethnicity-specific simulated eligibility measure.

The main analyses are based on the Annual Social and Economic Supplement to the
Current Population Survey from 1980 to 2015 and Decennial Census Samples and the
American Community Survey from 1990 to 2010. Using these data, I estimate the effect
of children’s access toMedicaid on the contemporaneous and long-term labor supply of
parents (hours worked per week, weeks worked per year, labor force participation, and
earnings). To understand themechanisms of estimated effects on parental labormarket
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outcomes, I examine Medicaid take-up of all children in the family, as well as parental
marital and educational outcomes. Importantly, in addition to the direct impacts of ex-
tendedMedicaid eligibility on program take-up, I analyze how siblings’ eligibility affects
the child’s own coverage. Understanding the role a sibling’s eligibility plays on a child’s
ownprogramparticipation is critical to reconciling themagnitude of parental labor sup-
ply responses since sibling spillovers can augment the direct effects of eligible children.

The relationshipbetweenchildren’saccess toMedicaidandparental labormarketout-
comes is important from the perspective of the children and the policy maker. Chil-
dren’s well-being crucially depends on material resources and time investments from
their parents. Since parents invest financial means and their time into raising their chil-
dren, parental labor supply is an important factor in the cognitive and physical develop-
ment of children (Heckman andMosso, 2014). From the perspective of the policymaker,
on the one hand, increased labor supply can recoup some of the costs associated with
implementation ofMedicaid through increased tax revenue and on the other hand, neg-
ative labor supply responses may have implications for program design.

Empirical analysis is necessary since there are many potential mechanisms through
which children’s Medicaid eligibility can affect the labor market outcomes of their par-
ents. On the one hand, access toMedicaid can improve the health of children and hence
lead to increasedparental labor supply (Eriksenet al., 2021). On theotherhand, extended
Medicaid eligibility, which effectively translates into an increase in income, can result in
reduced parental labor supply because parents face lower financial burden associated
with uninsured children or out-of-pocket expenses for private insurance (Gross andNo-
towidigdo, 2011). Given that Medicaid is a means-tested program, parents might also
only adjust the intensive margin to qualify for Medicaid coverage of their children.1

I firstprovideempirical evidenceonfirst-order effectsof children’sMedicaidcoverage.
1Pei (2017), however, does not find evidence for strategic labor supply adjustments of parents in order

to gainMedicaid eligibility for their children.
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These estimates are important in understanding themechanism for changes in parental
outcomes, because expanded eligibility translates into improved health of children or
reduced financial distress through a corresponding increase in program take-up. The
results suggest that extended child Medicaid eligibility leads to a family-level marginal
take-uprateof32%. I alsofind that30%ofachild’sowncoverage isdrivenby theextended
eligibility to other children in the family emphasizing the importance to account for all
eligible children in the family.

I then show that expandingMedicaid eligibility to children positively affects contem-
poraneous maternal labor market outcomes entirely driven by mothers with non-white
and/or Hispanic children. Standard labor supply measures of mothers with non-white
and/or Hispanic children increase contemporaneously by 2.9% to 5.3% relative to base-
line average labor supply. The elasticities of point estimates rangebetween0.03 and0.05.
In the long run, the effects persist up to 18 years, and each additional year of eligibility
duringchildhood leads toan increase in labor supplyof 0.59%to0.96%forwomen. These
estimates represent between 15% and 30%of contemporaneous labor supply responses.

The analysis of potential mechanisms indicates that the family structure may be an
important factorcontributing to race-ethnicitydifferences in labor supply responses since
the effects are concentrated among non-white and/or Hispanic single mothers. These
findings suggest that theheadof the family ismore likely tobe affectedby extendedMed-
icaid eligibility. Using estimates from existing literature on effects of marital and educa-
tional outcomes on labor supply, I show that changes inmarriage and education are not
likely to be drivingmaternal labor market outcomes.

This study contributes to three strands of literature. First, it connects to the litera-
ture analyzing the effect of child’s access to Medicaid on labor supply responses of par-
ents. Earlier work by Ham and Shore-Sheppard (2005a) replicated the study by Yelowitz
(1995) by incorporating important institutional features and estimated imprecise effects
on parental labor supply using the eligibility of youngest child in the family. A more re-
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cent studybyGrossmanet al. (2022) is theonlyotherpaperbesidesmyown that accounts
for theMedicaid eligibility of all children in the family and documents negativematernal
labor supply responses. In comparison tomypaper, they focus ondifferent cohorts (par-
ents born between 1957 and 1964) because they relied in part on data from the National
Longitudinal Survey of Youth – 1979 Cohort.

I advance the literature in several ways. Using a larger data set andmore cohorts, I fo-
cus on the eligibility of all children in the family and empirically quantify the importance
of incorporating the eligibility of each child in the family by comparing the estimated ef-
fects of onewithmultiple eligible children in the family. In addition to contemporaneous
parental labor supply responses, I analyze if the labormarket outcomes of parents are af-
fected up to 18 years after Medicaid eligibility of children was initially expanded, which
wasnot previously explored in the literature. Finally, I use a simulated eligibilitymeasure
appropriate for heterogeneous analysis by race and ethnicity. Using a simulated eligibil-
ity approach that fails to account for racial and ethnic differences will result in biased
estimates since each race-ethnicity group will be assigned an incorrect simulated eligi-
bility.

Second, my findings relate to studies that examine the effects of expanded Medicaid
eligibility on enrollment spillovers.2 The majority of the literature focuses on spillovers
from parents to children, except Sommers (2006) who provides suggestive evidence on
the relationship between child’s actual eligibility andMedicaid disenrollment of siblings
and parents. Relative to these studies, I examine if Medicaid take-up of a potentially el-
igible child is affected by the eligibility of other children in the family using a simulated
eligibility approach that accounts for the endogeneity of actual eligibility. Documenting
the role of a sibling’s eligibility on child’s own take-up is important because it captures all
indirect effects of access toMedicaid.

2See Aizer and Grogger (2003); Dubay and Kenney (2003); Sommers (2006); Sonier et al. (2013); Som-
mers et al. (2016); Frean et al. (2017); Hudson and Moriya (2017); Hamersma et al. (2019); Sacarny et al.
(2022)
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Third, this study adds to the strain of literature that employs the simulated eligibility
approach.3 There is a substantial difference across the studies in the method used to
construct simulated eligibility, which can be summarized based on two main criteria:
type (e.g., fixed or annual simulated eligibility) and structure (e.g., state, year, and age or
state, year, age, and race-ethnicity). I show that the results are not sensitive to the choice
of the simulated eligibility type, but may be sensitive to the structure of the eligibility
measure. Moreover, the analysis demonstrates the importance of the correct simulated
eligibility structure when the goal is to capture group-specific effects and eligibility is
likely to be different across these groups (e.g., race and ethnicity).

The rest of the paper is structured as follows. Section 2 provides the history and evo-
lution of the Medicaid program. I introduce the simulated eligibility measures and the
empirical approach inSection3. Data sources and sample selectionaredescribed inSec-
tion 4. Section 5 discusses the results, and Section 6 provides the conclusions.

2 History of theMedicaid Program
Medicaid is a joint state and federal program that was signed into law in 1965 as Title

XIX of the Social Security Amendments.4 In the beginning of the analysis period Medi-
caid eligibility for non-disabled children was originally restricted to single-parent fami-
lies receiving cashwelfare payments under the Aid to Families withDependent Children
(AFDC) program or eligibility under three additional state optional programs.5 The in-

3Among others, Currie and Gruber (1996a,b); Cutler and Gruber (1996); Zavodny and Bitler (2010);
Gross and Notowidigdo (2011); Cohodes et al. (2016); East et al. (2017); Brown et al. (2019); Miller and
Wherry (2019).

4The focusof this review is legislation targetedat theeligibility of childrenbetween1979and2014. Table
B.1 provides an overview of federal and state legislation for this period. Sources for this section include
Gruber (2003) andBuchmueller et al. (2016). Seeappendix sectionB for adetailedexplanationof legislative
changes during the analysis period.

5AFDC-Unemployed Parent (AFDC-UP) program extendedMedicaid eligibility to families with an un-
employed primary earner, the Ribicoff Children program provided Medicaid eligibility to children who
did notmeet the family structure requirements butmet the income and resource requirements for AFDC,
and theMedicaid’sMedically Needy program extendedMedicaid eligibility to those with highmedical ex-
penses whose income exceeded the maximum threshold but family structure satisfied the AFDC require-
ments.
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come eligibility thresholds varied by state and family size,most of whichwerewell below
the federal poverty line (FPL). These stringent eligibility requirements meant that only a
few children of working mothers were eligible for Medicaid and if a women was to leave
welfare her child would not be covered by Medicaid. Hence, in order for children to re-
main eligible for Medicaid, mothers were given the incentive not to participate in the
labor force and cut their working hours.

In the mid-1980s legislation started to gradually separate Medicaid and AFDC by ex-
panding eligibility to children not qualifying for AFDC. Initially Medicaid eligibility was
extended for childrenunderfiveyearsof agewhowerebornafter September 30, 1983and
who were living in families that met the financial, but not the family structure require-
ments for AFDC through the 1984 Deficit Reduction Act. Omnibus Reconciliation Act
(OBRA) 1986 and 1987 as well as Medicare Catastrophic Coverage Act and Family Sup-
port Act further weakened the link betweenMedicaid and AFDC by allowing and requir-
ing states to increases the income limits forMedicaid eligibility for children belonging to
certain age and birth cohorts.

Additional federal expansionswere embedded inOBRA 1989 and 1990 - until then the
largest expansions in US history. OBRA 1989 expanded Medicaid eligibility to pregnant
women and children up to age sixwith family incomes below 133%of the federal poverty
line andOBRA 1990 required states to cover children born after September 30, 1983 with
family incomes below the federal poverty line. These children remained eligible until
the age of 18. By introducing Temporary Assistance for Needy Families (TANF) program,
Personal Responsibility and Work Opportunity Reconciliation Act of 1996 removed the
link between AFDC and Medicaid completely since TANF did not provide Medicaid eli-
gibility automatically. However “Section 1931 eligibility” required states to cover families
thatwould have been eligible under AFDCbefore thewelfare reform. Thenextmilestone
in the evolvement of the Medicaid programwas the Balanced Budget Act (BBA) in 1997.
BBA created the State Children’s Health Insurance Program (SCHIP), allowing states to
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cover uninsured children in families ineligible for Medicaid and providing continuous
coverage for up to twelvemonths regardless of increases of child’s family income.

The policy changes between 1979 and 2014 had a large effect on Medicaid eligibility
of children. Figure 1 documents that the fraction of eligible children increased substan-
tially from 0.14 in 1979 to 0.55 in 2014 with the biggest increase in eligibility around the
introduction of SCHIP in 1997. TheMedicaid expansions affected race-ethnicity groups
differently. Throughout the analysis period, the fraction of non-white and/or Hispanic
children eligible forMedicaid is higher than the fraction of white non-Hispanic children
eligible for Medicaid. Moreover, the increase in eligibility of non-white and/or Hispanic
children was stronger after legislations targeted at lower-income families (e.g., OBRA
1990). The difference in eligibility between race-ethnicity groups underlines the impor-
tance to use a race-ethnicity-specific eligibility measure in the heterogeneous analysis.

3 Methodology

3.1 Simulated Eligibility

Sociodemographic characteristics can affect the number of children who are eligi-
ble for Medicaid independent of legislative changes as well as outcomes of children and
their parents resulting in an endogenous measure of children’s actual Medicaid eligibil-
ity. For instance, improved economic conditions may increase average income for cer-
tain groups of the population and hence reduce the number of children who are income
eligible for public health insurance. At the same time, changes in economic environ-
mentmay also affect outcomes of parents and their children. To address this type of po-
tential endogeneity, I follow the simulated eligibility approach first developed by Currie
and Gruber (1996a,b) and Cutler and Gruber (1996). The goal of the simulated eligibility
strategy is to create a measure of eligibility abstracting from omitted variables that may
be correlated with both children’s actual eligibility and parental or child outcomes, so
that identification is based only on legislative variation.
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I use three simulated eligibility measures in the analysis - contemporaneous child-
and family-level as well as long-run family-level eligibility measure.6 To construct the
child’s own simulated eligibilitymeasure, I use all children of age 0-18 in each year of the
analysis period. Using this national data set, I calculate the child-level simulated eligi-
bility as the fraction of eligible children in each state, year, age, and race-ethnicity group
by leaving out children from the state for which the eligibility is being imputed.7

Raceandethnicityplaysan important role in theanalysisofMedicaidexpansions.8 On
the one hand, white and non-white childrenmight respond differently to the same level
of simulated eligibility, which can be captured by analyzing heterogeneous responses
across race-ethnicity groups. On the other hand, white and non-white children are dis-
tinguished by different levels of simulated eligibility because of systematic differences
in characteristics relevant for eligibility determination resulting in a measurement er-
ror in simulated eligibility if not accounted for. Figure 6 explains the importance of a
race-ethnicity-specific simulated eligibilitymeasure for the analysis. Subfigure (a) shows
that the race-ethnicity-specific simulated eligibility traces out the actual eligibility very
well for both race-ethnicity groups. Thenon-race-ethnicity-specific simulatedeligibility,
however, is not close to the actual eligibility of any race-ethnicity group shown in subfig-
ure (b). The simulated eligibility measure addresses this concern by allowing the simu-
lated eligibility measure to be race-ethnicity specific.

Since the primary focus is on parental outcomes, one has to account for the eligibility
of each child in the family. Using eligibility of only one child in a family might underes-

6Appendix B describes in detail the construction of simulated eligibilitymeasures, how eligibility is im-
puted, and the legislative rules used to impute eligibility. Medicaid eligibility is determined using calcula-
tors fromMiller andWherry (2019).

7The child-specific simulated eligibilitymeasure is in spirit of earlier literature that examines the effects
of child Medicaid eligibility on child’s health insurance coverage and health outcomes (e.g., Cutler and
Gruber 1996; Currie and Gruber 1996a,b). The main difference to the eligibility measure used in these
studies is the race-ethnicity component. Only few studies have used a race-ethnicity-specific simulated
eligibility measure (e.g., Dave et al. 2015 and Cohodes et al. 2016).

8I define race-ethnicity categories aswhite non-Hispanic and non-white and/orHispanic. For simplic-
ity, in the remaining part of the text I will refer to race-ethnicity groups as white and non-white.
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timate the effects of extended Medicaid eligibility because having multiple children in
the family eligible for Medicaid might affect parental outcomes in a way that is not fully
captured by the eligibility of a single child. To construct family’s total simulated eligibil-
ity, I sum the simulated eligibility fractions across all children in a family which mimics
the number of eligible children in a family. The total simulated eligibilitymeasure there-
fore ranges from0 to themaximumnumber of children in a family and is on average 0.65
eligible children per family.

To estimate the long-run effects of children’s access to Medicaid and to account for
eligibility of each child in the family, I construct a family-level long-run simulated eli-
gibility that captures the number of eligible children in the family during childhood.9 I
obtain the long-runeligibilitymeasurebysumming theaverage total simulatedeligibility
at each age from birth to the current age of the child for a given birth cohort, age, state,
and race-ethnicity group. The long-run simulated eligibility therefore reflects the total
child-years of simulated eligibility experienced by a parent and ranges from zero to the
number of total child-years of simulated eligibility times the averagenumber of children.

3.2 Empirical Approach

I estimate effects of increased Medicaid eligibility on the insurance coverage of chil-
dren and outcomes of their parents (labor market outcomes, educational attainment,
marital outcomes) by running a child-level regression and regressing the outcome of in-
terest on simulated eligibilitymeasures as well as a set of controls. The regression is esti-
mated at the child level because a child-level regression facilitates controlling for child-
specific characteristics and allows me to estimate the effects of sibling’s eligibility on

9The weakness of the long-run simulated eligibility is the lack of information about number of family
members between the birth of the fist child and survey date in the publicly available data. Hence it is not
possible to predict the exact number of eligible children during childhood and the effects should be inter-
preted as the average exposure to Medicaid of all children in the family. Moreover, this approach may be
problematic if children’sMedicaid eligibility affects parental fertility. Existing evidence, however, suggests
that access to Medicaid does not affect fertility (e.g., Zavodny and Bitler 2010; DeLeire et al. 2011; East et
al. 2017).
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child’s ownMedicaid coverage. In general child-level and parent-level empirical models
would provide the same results if the same controls are used at the parent level (includ-
ing children’s ages) and concordant weights are used. Specifically, I begin by estimating
themodel of the following functional form:

yijstr = β0 + β1SIMTjstr +X ′
istrβ2 +W ′

jstβ3 + Z ′
stβ4 + δs + γt + τa + εijstr (1)

where the dependent variable is either Medicaid coverage of child i or an outcome of
parent j of child i in state s, calendar year t, and race-ethnicity group r. For outcomes of
children (e.g. child own Medicaid coverage), equation 1 does not have a j component.
SIMTjstr is the total simulated Medicaid eligibility - the treatment variable of interest.
From the policymaker’s perspective, the coefficient β1 on total simulated eligibility cap-
tures the effect of an additional child in the family becoming eligible for Medicaid.10

Equation 1 includes state of residencefixed effects (δs)which capturefixeddifferences
in outcomes of parents and their children across states, calendar year fixed effects (γt) to
account for potential national changes over time, and child’s age fixed effects (τa) to ac-
count for fixed differences in outcomes of parents and their children across children’s
ages. Alternative specification add state-by-year, state-by-age, and year-by-age fixed ef-
fects to control for omitted variables at the state-year, state-age, and year-age level, re-
spectively. I also include child’s sex, race, and ethnicity defined by the vectorXistr. The
vectorofparent-level control variables,Wjst, containsfixedeffects forparental age, num-

10The parameter of interest using the long-run family-level eligibility measure (SIMC) reflects the effect
of making one more child per family eligible for one more year during childhood and contemporaneous
child-level simulated eligibilitymeasure (SIM) captures the effect of one child in a family becomingeligible
for Medicaid.
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ber of children, age of the youngest, and age of the oldest child in the family.11 In the
baseline model, I follow the literature and include a vector of annual state-specific eco-
nomic and policy characteristics, Zst, which incorporates the unemployment rate, the
minimum wage, inflation-adjusted maximum welfare benefits for a family of 4, state-
level EITC amounts measured as a percentage of the federal EITC, implementation of
six types of welfare waivers, and implementation of any waiver or TANF.12 In specifica-
tions for the full sample, all control variables and fixed effects are interacted with a race-
ethnicity group indicator.

When the dependent variable is at the child level, I use the corresponding weights of
children. Foroutcomesofparents, the regression isweightedbyparentalweightsdivided
by number of children in the family because the outcome is at the parent level but the
observations are at the child level. Using parental weights divided by number of children
makes the results representative of the average parent. Standard errors are clustered at
the state level.

The specification shown in equation 1 exploits plausibly exogenous variation that re-
sults from the state and federal Medicaid expansions during the analysis period. There
are three main sources of variation - across states because of state differences in AFDC
eligibility limits prior to the expansions and difference in state’s implementation of op-
tional expansions, over time as the expansions were implemented with different pieces
of legislation, and across children’s age since younger children aremore likely to be eligi-

11Since child i can be the youngest or oldest child in the family, including child’s age fixed effects as well
age of the youngest, and age of the oldest child in the family fixed effects could result in two duplicate vari-
ables in the regression controlling for the age of the child. Hence, to account for child i being the youngest
or oldest child in the family, the age of youngest child in the family fixed effects are interacted with an in-
dicator for not being the youngest child in the family and the age of the oldest child in the family fixed
effects are interacted with an indicator for not being the oldest child in the family. Similarly, to make sure
that only one variable capturing age of the child is included in the regression for single-child families, age
of the oldest child in the family fixed effects are interacted with an indicator for multiple children in the
family.

12Parental educational attainment andmarital status are not included as controls inmain specification
because these characteristics may and do respond to simulated eligibility as shown in table A.2 and A.3.
However, estimatedeffects frommodels includingmarital andeducationaloutcomesascovariatesarevery
similar to themain specification.
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ble.13 Figures 2 and 3 summarize the underlying variation. Figure 2 shows the difference
in total simulated eligibility between 1979 and 2014 for each state for single-child and
multiple-child families. While Medicaid eligibility increased over time, there is substan-
tial heterogeneity across states. In some states Medicaid expansions resulted in an av-
erage increase in simulated eligibility on the order of two simulated eligible children per
familywhereas inother stateson theorderofonly0.2 simulatedeligible childrenper fam-
ily. This pattern is quite similar across single-child andmultiple-child families implying
that differences in the number of children per family is not driving the difference in sim-
ulated eligibility. Figure 3 shows the national trend in simulated eligibility between 1979
and 2014 by child’s age for single-child and multiple-child families. All age groups saw
a substantial increase in simulated Medicaid eligibility between 1979 and 2014. While
families with younger children were mostly affected during the first half of the analysis
period, families with older children were affected during the second half of the analysis
period suggesting that the Medicaid program becamemore generous for older children
over time.

Two general difference-in-difference-in-difference identifying assumptions in equa-
tion1are invoked for thevalidityof theempirical approach. Thefirst identifyingassump-
tion is that no shock differentially affects Medicaid generosity and outcomes of children
and their parents in the same state, during the same year, and with the same number of
childrenof the sameage. Henceomittedvariables specific toparentswith the samenum-
berof childrenof the sameageandstateof residence that changeover timeandare corre-
latedwith bothMedicaid legislation and outcomes of children or their parents would in-
validate this empirical strategy. Toaddress this potential confounder, I estimate a version
of equation 1 with state-by-age linear time trends or region-by-year-by-age fixed effects

13Changes in children’s characteristics are also contributing to the identifying variation since the simu-
lated eligibility measures are constructed using data from the year for which the eligibility is imputed. Re-
sults are, however, robust toalternativeeligibilitymeasures that abstract fromthispossiblynon-exogenous
part of the identifying variation (see section 5.4.2).
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as well as flexible controls for omitted variables at the state-year, state-age, and age-year
level.14

The second identifying assumption requires that public health insurance eligibility
rules are not set based on outcomes of parents and their children. The simulated el-
igibility approach will therefore fail if states phase in Medicaid expansions because of
changing trends in parental or child outcomes. To test the validity of this identifying as-
sumption, I regress the maximum Medicaid eligibility limits for children age 0-18 in a
given state and year on contemporaneous and lagged (first and second order) state-level
characteristics.15 I use Medicaid eligibility limits as opposed to state-level annual simu-
lated eligibility since state governments set eligibility levels anddonot control simulated
eligibility as a policy parameter. The results shown in table 1, suggest that generosity of
Medicaid is not affected by outcomes of parents and their children or other state-level
policy determinants. Baughman andMilyo (2009) also show that state Medicaid expan-
sions are not driven by percentage of uninsured children in the state and Farooq and
Kugler (2020) find no evidence that state demographic and economic characteristics are
affectingMedicaid generosity. In comparison toBaughmanandMilyo (2009) andFarooq
and Kugler (2020), I show that state-level policies discussed in the literature (e.g., Miller
andWherry 2019) have no effect onMedicaid expansions. In addition, the second iden-
tifying assumption has been invoked repeatedly in the simulated eligibility literature.16

14Estimated effects fromspecifications including state-by-age linear time trends and region-by-year-by-
age fixed effects (table A.15 andA.16) and state-by-year, state-by-age, and age-by-year fixed effects (figures
A.6-A.10) are very similar in terms of magnitude and precision to the baseline model corroborating the
validity of the first identifying assumption.

15For the years prior to state expansions (1979-1987), I use the maximum eligibility threshold for Medi-
callyNeedyProgramorAFDC. As an approximation for AFDCeligibility, I use the average ratio of theneeds
standard to the corresponding poverty guideline across all family sizes. For the years 1988-2014, I use the
maximum state-level Medicaid eligibility levels across all ages 0-18. Since states expanded eligibility for
different age groups, it is more consistent to use eligibility limits across a broad age group and not focus
on narrow defined age groups (e.g., children age 0-5).

16See for instanceCurrie andGruber (1996a,b); Cutler andGruber (1996); Gross andNotowidigdo (2011);
Cohodes et al. (2016); East et al. (2017); Brown et al. (2019); Miller andWherry (2019)
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4 Data

4.1 Current Population Survey

To analyze contemporaneous parental labormarket responses, child’s insurance cov-
erage, and to predict Medicaid eligibility I use data from survey years 1980 to 2015 of the
Annual Social andEconomic (ASEC) supplement to theCurrent Population Survey (CPS)
obtained from the integrated public use microdata series (Flood et al. 2020). The CPS
is a nationally representative survey interviewing approximately 60,000 households per
month. The ASEC supplement provides a comprehensive body of data containing in-
formation on individuals’ demographic characteristics, employment, health insurance
coverage, and income. The ASEC supplement provides information on the family com-
position, educational attainment and demographic characteristics at the interview date,
health insurance coverage at any time during the previous calendar year, income dur-
ing the previous calendar year, and labor supply measures either with reference to last
week or previous calendar year.17 Hence, simulated eligibility is measured contempora-
neously to the reference period of the outcome variable of interest. With respect to la-
bor market responses, I analyze usual hours worked per week, labor force participation
last week, weeks worked last year, annual earnings last year, and occupational choice
last year.18 Medicaid coverage of children is captured by number of covered children per
family or child’s ownMedicaid coverage. In supplementary analysis, I examine parental
educational attainment (no high school, high school, some college, college ormore) and
marital outcomes (married, never married, ever married, divorced).19 Since the eligibil-

17When answering questions about health insurance coverage, some respondents might ignore the ref-
erence period and instead answer based on their status at the time of the interview (Klerman et al. 2009,
Ziegenfuss and Davern 2011). The results are, however, very similar when the simulated eligibility is as-
signed as of last year or as of interview date.

18Hours worked per week andweeks worked per year include zeros. I mainly focus on labor supply as of
previous year. However, labor force participation is only measured as of last week.

19CPS redefined the education variable fromyears of education to degree receipt in 1992. To attain com-
parable educational categories across the whole analysis period, I use the method proposed by Jaeger
(1997).
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ity calculator is able to impute Medicaid eligibility for children age 0-18 and to capture
working age parents, the sample is restricted to children age 0-18 with parents age 20-
64.20

4.2 Decennial Census & American Community Survey

To examine long-run effects on parental outcomes, I utilize the 5% sample of the 1990
and 2000 Decennial Census (DCS) and the 2010 American Community Survey (ACS) ob-
tained fromthe integratedpublic usemicrodata series (Ruggles et al. 2020). ACSandDCS
are nationwide surveys conducted by the U.S. Census Bureau. The Census Bureau col-
lects information on social, economic, housing, and demographic characteristics. The
advantage of ACS andDCS formy analysis is the information about the birth state of the
child which allows me to estimate long-run effects of access to Medicaid during child-
hood on parental outcomes from the birth of the child until the child is observed in the
survey. ACS andDCS collect information on family composition and demographic char-
acteristics at the interview date, income during the past 12 months, and labor market
outcomes during the previous calendar year with exception of labor force participation
which is reported as of lastweek. Similar toCPSASEC, the sample is restricted to children
age 0-18 with working age parents between 20 and 64 years old.21

4.3 Supplemental Data

I use supplemental data from various sources. State-level minimumwage, state-level
welfare benefits, and state-level Earned Income Tax Credit (EITC) amounts are obtained
fromU.S.DepartmentofLabor,Urban Institute, andTaxPolicyCenter respectively. State-
levelunemployment rate, ConsumerPrice Index, compensationof employees, andnum-

20Tables A.11-A.14 show that results are not sensitive to alternative sample selection criteria by dropping
children from Arizona (Arizona did not adopt a Medicaid program until 1982), restricting the sample to
children with parents in prime working age (25-54), dropping children observed in 2008-2015 to account
for Great Recession and the introduction of Affordable Care Act, keeping only children with mothers that
gave birth at reproducible age (15-44), and dropping children in families with nine or more children.

21Table A.1 shows child-level and parent-level demographic characteristics of ACS, DCS, and CPS ASEC
samples.
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ber of total non-farm employees come from the U.S. Bureau of Labor Statistics. I ob-
tain federal poverty guidelines and information about implementation of state welfare
waivers from the Office of the Assistant Secretary for Planning and Evaluation. Data on
Medicaid spending comes from the Medicaid Statistical Information Statistics (MSIS)
maintained by Centers for Medicare &Medicaid Services.22

5 Results

5.1 Medicaid Coverage

I first analyze if extendedMedicaid eligibility translates into increased Medicaid cov-
erage since program take-up is an important channel in understanding the relationship
between childMedicaid eligibility and parental labormarket decisions. Table 2 presents
results for the estimated effects of race-ethnicity-specific simulated eligibility on pub-
lic health insurance coverage of children. The first three columns provide the estimated
effects of child’s owneligibility (SIM)onchild’s ownMedicaid coverage. Theestimates in-
dicate that the average marginal take-up rate among children who became eligible over
the 1979-2014 period is eight percent. In columns 4-6 in addition to child’s own Med-
icaid coverage, I include siblings’ eligibility (SIMS) which is obtained by summing the
child’s own simulated eligibility across all siblings. The results suggest that the elasticity
of the estimated treatment effect of siblings’ eligibility on the children’s own coverage is
roughly 30%of the elasticity of the effect of child’s owneligibility emphasizing the impor-
tance to account for eligibility of each child in the family. The last three columns show
estimates based on amodel where the dependent variable is the number of covered chil-
dren in a family and the independent variable (SIMT) is the total simulated eligibility.

22Since children’s Medicaid cost is at the state and year level for all children under 21, I disaggregate the
cost to obtain a parent-levelmeasure. First, I allocate the aggregated cost to each age based on the fraction
of eligible childrenof a givenageanddivideby the total population inagiven state, year andage. The child-
level per capita cost of each child in a family is then summed up to obtain total Medicaid cost per family.
MSIS data is only available for the 1980-2012 period. Hence the sample that usesMSIS data is restricted to
1981-2013.

16



The point estimate implies that the number of covered children per family increases by
one-third of a child as a result of one more child per family becoming eligible which is
equivalent to a take-up rate of 32% among newly eligible children or an elasticity of 0.47
(0.32∗0.65÷0.44). The family-level take-up rate is higher than the child’s own take-up rate
because the sibling spillovers of eligibility contribute considerably toMedicaid take-up.

To comparemy estimates to the existing literature and check the robustness to impu-
tation andmethodological changes inCPS, I estimate the effect of child- and family-level
Medicaid eligibility onMedicaid coverage using a non-race-ethnicity-specific simulated
eligibility and harmonized measure of Medicaid coverage constructed by State Health
Access Data Assistance Center (SHADAC).23 The estimates are quantitatively and quali-
tatively very similar to thebaselinemodel and indicate that the averagemarginal take-up
rate among children who became eligible over the analysis period is ten percent which
is in line with the existing literature (Buchmueller et al., 2016).24

Next, I examine racial and ethnic differences in Medicaid coverage. The elasticities
of the effects of children’s own simulated eligibility on children’s own coverage are larger
for white children. One potential explanation are the greater barriers toMedicaid enroll-
ment (e.g., insufficient knowledge about the programs, confusion about the eligibility,
difficultieswith the application) for non-white children (Stuber andBradley 2005).25 Sib-
ling spillovers of eligibility play a more important role in child’s ownMedicaid coverage
for non-white children. The elasticity of the effect of siblings’ eligibility is roughly 60% of
elasticity of children’s owneligibility for non-white children compared to 12.5% forwhite

23For 1979-1986, CPS imputed health insurance for children age 0-14. In addition, during the analysis
period the collection of health insurance coverage in CPS underwent multiple methodological changes
(SHADAC 2009).

24The results of this exercise are shown in table A.4. The top panel shows estimates from models us-
ing non-race-ethnicity-specific simulated eligibility for 1979-2014 and bottom panel shows the estimates
from specifications using race-ethnicity-specific simulated eligibility andMedicaid coverage enhanced by
SHADAC for 1987-2014.

25The average number of children per family as well as the distribution of number of children per fam-
ily is very similar in white and non-white families. On average white (non-white) parents have 1.8 (1.9)
children. Similarly, 56% and 57% of white and non-white families havemore than one child.
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children. Thisfindingunderlines the larger importanceofpotential knowledge spillovers
or reduced costs of application for non-white children. Once the eligibility of each child
in the family is taken into account, the take-up of non-white children (elasticity of 0.57)
is larger and statistically different (p<0.05) than the take-up of white children (elasticity
of 0.4).

5.2 LaborMarket Outcomes

Table 3 presents the estimated treatment effects of race-ethnicity-specific total sim-
ulated eligibility on labor market outcomes of mothers with any, white, and non-white
children.26 The estimates for maternal labor force participation and weeks worked per
year are positive and significant at one and five percent level. The estimated effects sug-
gest that increasing the number of simulated eligible children in the family by one child
leads to an increase of 0.38 weeks worked per year (1.5% relative to the baseline average
weeks worked per year of 25.41) and one percentage points increase in labor force par-
ticipation (1.8% relative to the baseline average labor force participation of 0.57). The
estimates for maternal usual hours worked per week are not statistically significant at
conventional levels. The results reveal substantial differences between race-ethnicity
groups. We see that the estimated effects are entirely driven by mothers with non-white
children. Usual hours worked (p < 0.05), labor force participation (p < 0.01), and weeks
worked per year (p < 0.01) of mothers with non-white children increase by 2.9-5.3%
whereas labor supply responses ofmothers with white children are close to zero and not
precisely estimated.27 In addition, the estimates on usual hours worked per week, weeks
worked per year, and labor force participation are statistically different between white

26Results are very similar when race and ethnicity of parents is used. However, since the race-ethnicity-
specific simulated eligibility measure is created using child’s race and ethnicity, it is more intuitive to use
race and ethnicity of children for heterogeneous analysis. In addition, only 1.5-3% of families are racially
and ethnically mixed.

27The effects on hours worked are driven by working any hours and increasing full-time employment
(≥ 35hours) as shown in table A.5. Weeks worked per year are affected across the whole distribution in
response to extendedMedicaid eligibility (see figure A.1).
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and non-white mothers at conventional levels.
The increased labor supply of mothers with non-white children does not translate

into higher average earnings - none of the point estimates are precisely estimated.28 The
earnings in the lower part of the earnings distribution are, however, positively affected
by extended Medicaid eligibility. Figure 4 shows the effect of Medicaid eligibility on the
distribution of maternal earnings.29 I find a significant increase in density around the
minimumeligibility cutoffwherebetween30%and40%ofnon-white children in theCPS
ASEC sample are eligible forMedicaid. Effects above themedian eligibility limit are small
and statistically insignificant. In line with small and imprecise effects on labor supply of
mothers with white children, the effects on earnings are also small and not statistically
significant at conventional levels.

Turning to the long-run labor supply responses, table 4 shows the effect of total child-
years of simulated eligibility experienced by a parent on usual hours worked per week
and labor force participation. As in the the contemporaneous analysis, the effects on
maternal labor supply are driven by mothers with non-white children. The results im-
ply that making one more child eligible for one more year leads to an increase of 0.22
(p < 0.01) hours worked per week and 0.004 (p < 0.01) percentage points in labor force
participation. These long-run estimates represent roughly 30% and 13%of contempora-
neous effects onusual hoursworkedperweek and labor force participation, respectively.

28Shown in table A.17 the average earnings estimates are not driven by nonresonse biases or disclosure
avoidancemethods. To check for nonresonse biases, I followHirsch and Schumacher (2004) andBollinger
and Hirsch (2006) and drop imputed nonrespondents and reweigh the sample with inverse-probability
weights to restore population representatives. I apply cellmean replacement topcodes introduced in 1996
from Larrimore et al. (2008) and rank proximity swap topcodes used starting in 2011 from Census Bureau
to the earlier period to test if top codingmethods are driving the results.

29I follow Kuka and Shenhav (2020) and estimate a series of regressions where each dependent variable
is an indicator equals to one if earnings are greater than X, where X is (0,5000,...,150000). For reference
averageminimum,median, andmaximum eligibility limits during the analysis period are labeled.
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5.3 Magnitudes

I show that one additional eligible child in the family leads to a statistically significant
increase of 0.90 weeks worked per year of non-white women. The average increase in
total simulated eligibility from thebeginning to the endof the analysis period represents,
however, only 0.70 eligible children per family. To account for the difference of family-
level eligibilitybetween1979and2014, I scale theestimatedeffectson labor supplyby the
average increase in total simulated eligibility. This corresponds to 0.63weeksworkedper
year for non-white mothers. Since not every child enrolls in Medicaid, the results so far
shouldbe interpreted as intent-to-treat estimateswhere treatment is definedasprogram
participation. To convert intent-to-treat (ITT) to treatment-on-treated (TOT) estimates,
I divide the estimated effect by the corresponding family-level Medicaid take-up rates
of non-white children (0.40). TOT estimates are therefore 1.58 weeks worked per year
of non-white women. The scaled estimated effects represent 19.54% of the difference
in weeks worked per year between the beginning and end of the analysis period as well
as 7.54% of difference in weeks worked per year between non-white mothers with and
without some college education. The elasticities of scaled TOT estimates of non-white
women range between 0.05 and 0.08.

In order to understand the magnitude of the effect of an additional child per family
becoming eligible, I compare the effects of having one eligible child with having multi-
ple eligible children. Table A.6 compares the estimated effects of child- and family-level
simulated eligibility on parental labor market outcomes. The point estimates in models
using only child’s own eligibility measure are not statistically significant at conventional
levels (columns 1-3) and once child-level and sibling’s total simulated eligibility are in-
cluded (columns 4-6) the effect of having one additional eligible sibling is twice as big
as the effect of child’s own eligibility. Therefore, the results of this analysis suggest that
labor supply measures are not affected by one eligible child per family emphasizing the

20



importance to account for each eligible child in the family.
To further put the estimated effects of extendedMedicaid eligibility into perspective, I

compare the findings to other studies. HamandShore-Sheppard (2005a) use the eligibil-
ity of the youngest child in the family which provides similar results to the child-level el-
igibility measure discussed above and find imprecise effects of children’s access toMed-
icaid on parental labor supply. Grossman et al. (2022) account for all eligible children in
the family but focus only on parents born between 1957 and 1964 since these birth co-
horts are sampled in National Longitudinal Survey of Youth - 1979 Cohort and find that
maternal labor force participation decreases as a results of Medicaid expansions. Cur-
rent work uses amuch larger data set withmore cohorts that is more suitable to analyze
labor supply and shows that the effects are positive oncemore parental birth cohorts are
used.

I also consider literature on early childhood education and childcare since similar to
Medicaid, educational services for young children provide incentives for parents to in-
crease labor supply at the extensive and intensive margin. A part of this literature docu-
ments positive effects of public schooling for low-income children onmaternal employ-
mentwith anestimated elasticity of 0.34-0.38 (Gelbach2002; Cascio 2009;Wikle andWil-
son 2021).30 Consistent with these findings, I also find positive effects onmaternal labor
supply, albeit smaller inmagnitude. A potential explanation for the difference inmagni-
tudes is that activities related to child care require a larger time commitment than health
related activities (Bastian and Lochner, 2022).

30Related literature that examinesuniversalpre-kindergartenprograms, findsonlyweakevidenceof em-
ployment responses (Fitzpatrick 2010; Cascio and Schanzenbach 2013). This difference could arise since
preschool programs for low-income families - a group that ismore relevant formy analysis - was available
before universal eligibility (Wikle andWilson, 2021).
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5.4 Robustness

5.4.1 Maternal Eligibility

A small proportion of women were directly affected by extended Medicaid eligibility
during the analysis period because some legislations expanded Medicaid to pregnant
women and children at the same time. Since Medicaid eligibility for pregnant women
was also applicable for their newborns until the first birthday, parents with children age
zeromight change labor supply as a result of direct effect of extendedMedicaid eligibility
and not as a result of spillovers from their children. To understand if parental labormar-
ket outcomes are driven by direct effects of Medicaid, I test if the estimated effects are
sensitive to using maternal eligibility for zero-year old children by using two common
measures in the Medicaid literature of maternal eligibility and dropping children of age
zero.31 All estimates acrossdifferent specifications are very similar in termsofmagnitude
and significance, suggesting that direct effects of expansions are not driving labor supply
responses.

5.4.2 Simulated Eligibility Type

Since the simulated eligibility measure used through out the analysis is constructed
using all children fromtheyear forwhich the simulatedeligibility is estimated, onemight
be concerned that characteristics used to determine eligibility (e.g. family structure or
family income)may respond toMedicaid expansions.32 To account for this potential en-

31Following Currie and Gruber (1996a,b), the first measure is constructed by using all women of repro-
ducible age (15-44) in each calendar year across the full sample period. Using this national data set, I
calculate the fraction of eligible women in each state, year, and race-ethnicity group. The second state-
year-race-ethnicity maternal eligibility measure is obtained by using mothers with children of age zero.
Similarly to children’s simulated eligibility, I leave out women from the state for which the simulated el-
igibility is being imputed. The maternal eligibility measures are then assigned to zero-year old children
based on the state, year, and race-ethnicity group. The results of this analysis are shown in tables A.18 and
A.19.

32Policy endogeneity can arise because of a response to federal or state-level expansions. For instance,
Deficit Reduction Act of 1984 could affect labormarket outcomes of parents and hence the family income.
Using family incomeof childrenobserved inyears after 1984 todetermineeligibility in the sameyearwould
result in a biased estimate of the simulated eligibility measure.
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dogeneity, I construct alternative simulated eligibility measures that use children from
period before the analysis starts. To obtain the simulated fixed eligibilitymeasures, I use
all children from 1979 CPS ASEC and inflate the income to the year for which the eli-
gibility is imputed. Changes in the national and regional Consumer Price Index for All
Urban Consumers (CPI-U) as well as average wages are used to adjust the income.33 The
demographic characteristics of children in 1979might however not reflect demographic
characteristics of children observed in later years of the analysis period and inflation or
wage growthmight not fully capture changes in income over time. Using a fixed national
data set from pre-analysis period to create simulated eligibility might therefore result in
a mismeasured simulated eligibility for later years of the analysis period. Since changes
in socio-demographic characteristics are also correlated with changes in the structure
of the labor market and hence parental labor market outcomes, using a fixed eligibility
measuremight aswell result inbiased estimates.34 Hence, the annual andfixedeligibility
measures have advantages and disadvantages.

Figure 7 documents the differences between the simulated eligibility measures. The
changes across the simulated annual eligibility - themeasure used throughout the anal-
ysis - and actual eligibility track quite well. The trends in simulated fixed eligibility mea-
sures, however, deviate from trends in actual eligibility, especially towards the end of the
analysis period. Theeligibilitymeasures constructedbyusingCPI-Uperformworse than
the measure constructed by using average wages. The results are, however, very similar
across specification using the different types of the simulated eligibility measure.35

33Average wages are calculated as the ratio of compensation of employees to total non-farm employees.
34Since immigration has amajor influence on the size and demographic structure of theUS population,

immigration can be one factor leading to a change of socio-demographic characteristics of individuals
observed in later years of the analysis period.

35Estimated effects from models using simulated annual, simulate fixed (CPI), simulated fixed (RCPI),
and simulated fixed (WAGE) eligibility are shown in tables A.20 and A.21.
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5.4.3 Long-Run Analysis

Although Medicaid eligibility can be imputed for children age 0-18, the main analy-
sis uses a balanced long-run eligibilitymeasure frombirth to the eleventh birthday since
the Medicaid calculator starts in 1979 and the first calendar year in DCS begins in 1990.
In addition, to create the long-run simulated eligibility, I use weights to account for po-
tentially endogenous changes in number of children at each age during childhood (see
sectionB.5 formoredetails.) Tounderstandhowsensitive the results are to selective relo-
cationof children andnumber of childhood years used for the simulated eligibility, I esti-
mate the effects of total childhoodeligibility onparental outcomesusing anon-weighted
and non-balanced long-run eligibility measure. The results are quantitatively and qual-
itatively very similar to using non-weighted and non-balanced total child-years of sim-
ulated eligibility (see table A.23) indicating that the distribution of number of children is
not driving the results and that the long-run effects persist up to 18 years.

Since the survey provides only information about the state of birth and residence, it
is not possible to knowwhere the children live between the birth and survey date. Given
that Medicaid generosity is in part determined based on place of residence, the choice
how to assignMedicaid eligibility during childhoodmayhave implications for estimated
effects. In the main long-run analysis, I restrict the sample in DCS and ACS to children
being born and residing in the same state since these children are more likely to stay in
the same state throughout the childhood. On average, however, 16% reside in a different
state than birth state. To check if children are more likely to move as a result Medicaid
expansions, I estimate the effect of total child years of simulated eligibility on the proba-
bility of living in a state different frombirth state. Shown in tableA.22, access toMedicaid
during childhood does not affect the geographic mobility suggesting that endogenous
migration is less likely to bias the estimated effects. Moreover, the results are robust to
using a non-restricted sample and assigning long-run eligibility measure based on state
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of birth or state of residence (see tables A.24 and A.25).

5.5 Mechanisms

5.5.1 Racial and Ethnic Differences

I first explore if the racial and ethnic differences in labor supply responses of women
could arise because of differences in family structure of white and non-white families.36

Toexamine if family structurecouldexplain thedifferences in labormarketoutcomesbe-
tween race-ethnicity groups, I analyze heterogeneity in labor supply responses by mar-
ital status of mothers. Since children’s Medicaid eligibility differs between single- and
two-parent families, I construct simulated eligibility separately for children with single
andmarried parents. One potential concernwithmarital status-specific simulated eligi-
bility is that parentsmay changemarital status as a response to extended children’sMed-
icaid eligibility.37 Belowhowever, I show that the bias is likely to be small since the effects
of marital outcomes on labor market decisions are not big enough to drive labor supply
responses. The results of theheterogeneous analysis bymaternalmarital statusprovided
in table A.7 show that for non-white mothers the effects are concentrated among single
mothers. For white mothers, the estimated effects are not statistically different between
married and single mothers. The large difference in labor supply responses by marital
status between white and non-white mothers suggests that the tendency of non-white
mothers for being single is not the only factor contributing to the racial and ethnic dif-
ference. A potential explanation could be the difference in income between single white
and single non-white mothers. For instance, earnings of single non-white mothers are

36Extensive literature demonstrates that the proportion of non-white children living in two-parent fam-
ilies is not only lower than proportion of white children but also decreasing at a faster rate (Hernandez,
1993). For instance in the CPS ASEC analysis sample 65% of non-white mothers and 95% of white fathers
are married.

37To reduce the endogeneity concern, one could link individuals inCPS over time anduse baseline char-
acteristics. Given that CPS is a place-based survey the probability of linking a child over time may be af-
fected by extendedMedicaid eligibility resulting in a selected sample. In fact, I find that children aremore
likely to be linked over time as a result of increased access to Medicaid and hence refrain from using the
linked sample (A.9). The children are more likely to be linked over time because the geographic mobility
within state but not across states is lower.
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40% lower than earnings of single white mothers.

5.5.2 Educational Attainment

Since children’s access to Medicaid affects educational outcomes of mothers, I check
whetherextendedMedicaideligibilitymayaffect labor supplyofmothers throughchanges
in maternal educational attainment. As shown in table A.2, non-white mothers are less
likely todropout of high school (5.1%) and to graduate fromcollege (25%) aswell asmore
likely to graduate from high school (7.9%) and attend some college (13.3%). The effects
on some college attendance are not considered for this calculation since the estimates
are not robust to inclusion of additional controls as shown in figure A.3. Back of the en-
velope calculation suggests that children’sMedicaid is less likely to affectmaternal labor
market outcomes through educational attainment since Medicaid expansions result in
larger effects on college non-completion than on high school graduation and earnings
premium is higher for college than for high school (Goldin and Katz, 2007). For white
mothers only effects on college completion are robust to alternative specifications (see
figure A.2). Relative to the baselinemean,mothers of white children are 6.3%more likely
to attain college or more in response to extended Medicaid eligibility of children. The
positive effects on college graduation of white mothers may explain the zero effects on
labor supply since white mothers are more likely to invest the time into education and
not the labor market.

5.5.3 Marital Outcomes

Next I examine ifmarital outcomesmaybeanotherpotential pathway for labor supply
responses as I find that children’sMedicaid eligibility affectsmaternalmarital outcomes.
I mainly focus on the probability of marriage of non-white mothers since the remaining
outcomes are not precisely estimated.38 Given that non-white mothers are 4.7% more

38I find thatwhileMedicaid expansions affect the probability of beingmarried of non-whitewomen, the
probability of being never married, ever married, and divorced does not respond to extended Medicaid
eligibility (see table A.3).
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likely to get married as a result of extendedMedicaid eligibility andmaternal labor sup-
ply responses rangebetween2.9-5.3%relative to thebaselinemean, forMedicaid towork
throughmarital status, marriage has to change labor supply by at least 61.7% (2.9÷ 4.7)
considering the lower bound of parental labor supply responses. Since, most of the liter-
ature documents negative marriage earnings gaps for women, the back of the envelope
calculation shows thatMedicaid is less likely towork throughmarital outcomes.39 Theef-
fects onmarital outcomesofwhitemothers shownoclear pattern in anydirection. While
the probability of being never married decreases, the probability of being ever married
and divorced increases.

5.6 Return on Investment

To examine program’s return on investment, I compare the estimated effect of ex-
tended Medicaid eligibility on maternal tax payments with the estimated effect on chil-
dren’sMedicaid cost.40 The results of this analysis provided in table 5 show that the total
cost for Medicaid increases by $941 (p < 0.01) as a result of making one additional child
per family eligible for Medicaid. At the same time, extended Medicaid eligibility leads
to an increase of federal and state tax liabilities of $432, the point estimate is, however,
not significant at conventional levels. Once 19% of FICA is considered as social bene-
fit, the estimates of tax liabilities are slightly higher, but still not precisely estimated.41

The imprecise effects on net tax liabilities are partially driven by increased tax benefits
as a result of labor supply responses (e.g., benefits from EITC). The results of this analy-
sis suggest that government is not able to recover cost of expenditures on the Medicaid

39See for instance Waldfogel (1997, 1998). An exception is the recent work by Juhn and McCue (2016)
that does not finds lower earnings amongmarried women from 1966-1975 birth cohort. However, even in
the 1966-1975 birth cohort married women with children that are most relevant for my analysis have 35
percent lower earnings than their single counterparts.

40I calculate net tax liabilities under US federal and state income tax laws using a simulation program
(TAXSIM 32 available at http://www.nber.org/taxsim) provided by the National Bureau of Economic Re-
search (Feenberg and Coutts, 1993). In two-parent families, I assume that the father is the primary earner.

41Since individuals can recover some of the FICA contributions in form of Medicare and Social Security
benefits, Heller andMumma (forthcoming) suggest treating 19% of FICA as social benefit. For reference, I
also report estimates treating 100% FICA as social benefit.
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program just through additional taxes collected.42 Hendren and Sprung-Keyser (2020),
however, calculate the marginal value of public funds associated with Medicaid expan-
sion to pregnant women and infants between 1979 and 1992 and find that Medicaid has
paid for itself when all benefits (e.g., improved health of children) are accounted for.

5.7 Paternal Outcomes

Next, I examine the effects of children’s Medicaid eligibility on paternal labor market
outcomes. Fathers considered in this analysis are not necessarily spouses of mothers
studied so far. Table 6 provides estimated effects on paternal labor market outcomes by
race and ethnicity of the child. Except for labor force participation, paternal labor sup-
ply responds positively to extendedMedicaid eligibility of children. Usual hours worked
per week increase by 1.3% and weeks worked per year increase by 1.0% relative to the
baseline mean. In contrast to maternal labor market outcomes, effects on paternal la-
bor supply are entirely driven by fathers with white children.43 While the labor supply
responses range between 1.3% and 1.9% for hours and weeks worked, extensive mar-
gin response is only marginally significant. The impacts of total simulated eligibility on
labor supply of fathers with white children are quantitatively larger and more precisely
estimated from impacts on fathers with non-white children. The point estimates are,
however, only statistically different between the race and ethnicity groups in models for
usual hours worked per week.

The estimated effects on earnings of fatherswith non-white children are negative and
marginally significant, butnot robust to inclusionof additional control variable as shown
infigure A.10. The earnings of fatherswithwhite children respondpositively to extended

42I also analyze if children’s access to Medicaid affects family-level government transfers which is an-
other source of public expenditures (see table A.10). While benefits from welfare, disability, educational
assistance, and energy subsidy decrease, contributions from housing subsidy and school lunch increase.
Program receipt is however oftenmismeasured in surveys due to nonresponse, imputation, andmeasure-
ment error potentially resulting in biased estimates (Meyer et al., 2015).

43Shown in table A.8, heterogeneous analysis bypaternalmarital status suggests thatmarried fathers are
mainly affected by extendedMedicaid eligibility of children supporting the head of the family hypothesis
since 95% of white fathers are married in CPS ASEC sample.
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eligibility. The results suggest that one additional eligible child per family leads to an in-
crease of $10,318 which represents 15.4% relative to baseline average earnings. The ex-
tremely large average earnings effects for white men are puzzling as they are not in line
with moderate labor supply responses (1.9% in usual hours worked per week and 1.3%
in weeks worked per year) and fraction of white children covered by Medicaid (10.7%).
In addition, paternal earnings respond in areas of the earnings distribution above the
maximum eligibility limit (see figure 5) which is not expected given that Medicaid is tar-
geted at low-incomepopulation. There are twopotential explanationswhich I explore in
appendix section C in more detail. First, the race-ethnicity-specific simulated eligibility
measure may be correlated with unobservable characteristics which affect the earnings
of high-income white men. Second, men may be pushed into higher earnings occupa-
tions or working schedules as a result of children’s access to Medicaid. Since maternal
earnings never exceed the maximumMedicaid eligibility limits (see figures in appendix
section C), the effects on maternal labor supply are not driven by high-incomemothers
and can be interpreted as causal.

6 Conclusion
UnitedStateshaswitnesseda substantial increase inpublichealth insurancecoverage

of children between 1979 and 2014. Despite the extensive literature studying the conse-
quences of expandedMedicaid coverage, spillover effects on other familymembers have
been under-studied. This paper presents new evidence on the effects of children’s Med-
icaid eligibility on parental labor market outcomes. To identify the effects of Medicaid
eligibility the empirical strategy exploits legislative variation at the state, year, and age
of the child level which resulted from Medicaid expansions between 1979 and 2014. To
address endogeneityof actual eligibility Iuse the simulatedeligibility strategybyestimat-
ing reduced form impacts of simulated Medicaid eligibility of children on labor market
outcomes of their parents.
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I first show that Medicaid take-up of children increases as a response to extending
Medicaid eligibility and is partially driven by eligibility of siblings. I then demonstrate
that extendedMedicaid eligibility of children leads to increasedmaternal labor supply at
the extensive and intensivemargin and that the labor supply responses aremainlydriven
by non-white families. These race-ethnicity differences can be potentially explained by
family structureas theestimatedeffects areconcentratedamongsinglenon-whitemoth-
ers suggesting that the head of the household ismore likely to change labormarket activ-
ity. Analysis ofmechanisms shows that children’s access toMedicaid is less likely towork
thoughmarital and educational outcomes of parents.

This work may emphasize at least three policy implications. First, the findings of this
study may have implications for the overall generosity of Medicaid eligibility since the
general equilibriumeffectsmay exceed the direct benefits of the public health insurance
coverage. Second, focusing on disadvantaged population may provide guidance about
targeting Medicaid to certain groups, for example about making Medicaid more gener-
ous for racial and ethnicminorities. Third, the positive sibling spillovers ofMedicaid eli-
gibility onMedicaid coveragemay suggest that the program take-up can be increased by
reducing inefficiencies such as the cost of application.
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Figures and Tables

Figure 1:
National Variation inMedicaid Eligibility by Child’s Race & Ethnicity
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Notes: This figure shows the fraction of eligible white and non-white children between 1979 and 2014. The data
is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. Arizona is not
included because the state did not adopt aMedicaid program until 1982.
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Figure 2:
State Variation in Race-Ethnicity-Specific Total Simulated Eligibility

(a) Single-Child Families
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Notes: These figures show the difference in race-ethnicity-specific total simulated eligibility between 1979 and 2014
for (a) single- and (b) multiple-child families in each state. The quartiles represent the difference in total simulated
eligibility between 1979 and 2014. These years are the start and end of the analysis period. The data is from CPS ASEC
1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. Arizona is not included because the
state did not adopt aMedicaid program until 1982.
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Figure 3:
National Variation in Race-Ethnicity-Specific Total Simulated Eligibility

(a) Single-Child Families
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(b) Multiple-Child Families
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Notes: These figures show the average race-ethnicity-specific total simulated el-
igibility between 1979 and 2014 for (a) single- and (b) multiple-child families by
child’s age. The data is from CPS ASEC 1980-2015. The sample is restricted to chil-
dren age 0-18 with parents age 20-64. Arizona is only included after 1982 because
the state did not adopt aMedicaid program until 1982.
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Figure 4:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility onMaternal Annual Earnings ($2020)
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(b) Mothers with Non-White Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on annual earnings ($2020) last year of mothers with (a) white and (b) non-white children. Each point estimate and confidence interval is
obtained from a different regression where the dependent variable is an indicator equals to one if maternal annual earnings ($2020) were at least as great
as X (0,5000,...,150000) last year. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year),
parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level
controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types
of welfare waivers, implementation of any waiver or TANF). Regressions are weighted with parental survey weights divided by number of children per
family. Standard errors are clustered at the state level. The first, second, and third dashed vertical line represent averageminimum,median, andmaximum
Medicaid eligibility cutoffs during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18
with parents age 20-64.
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Figure 5:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Paternal Annual Earnings ($2020)

(a) Fathers withWhite Children
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(b) Fathers with Non-White Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on annual earnings ($2020) last year of fathers with (a) white and (b) non-white children. Each point estimate and confidence interval is
obtained from a different regression where the dependent variable is an indicator equals to one if paternal annual earnings ($2020) were greater as X
(0,5000,...,150000) last year. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year),
parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level
controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types
of welfare waivers, implementation of any waiver or TANF). Regressions are weighted with parental survey weights divided by number of children per
family. Standard errors are clustered at the state level. The first, second, and third dashed vertical line represent averageminimum,median, andmaximum
Medicaid eligibility cutoffs during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18
with parents age 20-64.
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Figure 6:
Race-Ethnicity-Specific vs. Non-Race-Ethnicity-Specific Simulated Eligibility Measure

(a) Race-Ethnicity-Specific Simulated Eligibility
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(b) Non-Race-Ethnicity-Specific Simulated Eligibility
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Notes:This figure shows race-ethnicity-specific simulated eligibility measure (a) and non-race-ethnicity-specific simulated eligibility measure (b) for white
and non-white children between 1979 and 2014. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age
20-64. Arizona is not included because the state did not adopt aMedicaid program until 1982.
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Figure 7:
National Variation in Alternative Simulated Eligibility Measures
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Notes: This figure shows different total simulated eligibility measures between 1979 and 2014. The
data is fromCPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-
64. Arizona is not included because the state did not adopt aMedicaid program until 1982.
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Table 1:
Effect of State-Level Characteristics onMedicaid Eligibility Limits

(1) (2) (3)

Medicaid Coverage 43.96 23.15 -2.24
(36.27) (39.43) (40.96)

Labor Force Participation 47.53 24.70 18.40
(59.34) (66.36) (70.23)

Hours Worked perWeek 0.11 0.06 0.50
(1.37) (1.36) (1.29)

State Earned Income Credit 36.72 33.24 29.07
(29.87) (29.21) (28.85)

State MinimumWage 0.26 1.13 0.83
(3.23) (3.18) (2.97)

Welfare Benefit ($2020) 0.01 0.01 0.01
(0.02) (0.02) (0.02)

Major Waiver or TANF 6.10 7.95 8.64
(10.72) (11.63) (9.53)

Observations 1,734 1,734 1,734
AdjustedR2 0.85 0.85 0.85
Mean Y - Baseline 65 65 65
Mean Y - Overall 163 163 163

Demographic Controls X X X
State Fixed Effects X X X
Year Fixed Effects X X X

Notes: This table shows results from regressions estimating the effect of state-level characteristics on the maximum
Medicaid eligibility limit for children age 0-18. Column 1, 2, and 3 show models using contemporaneous, first order
lagged, and second order lagged state-level characteristics, respectively. Demographic controls include income per
capita, fraction of population non-white, married, with high school completion or less, age 0-18, age 25-54, with one
child, andwithmultiple children. Standard errors inparentheses are clustered at the state level. Thedata is from1979-
2014. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 2:
Effect of Race-Ethnicity-Specific Simulated Eligibility on Child’s Medicaid Coverage

Medicaid Coverage
Child-Level

Medicaid Coverage
Child-Level

Medicaid Coverage
Family-Level

All White Non-
White

All White Non-
White

All White Non-
White

SIM 0.08*** 0.09*** 0.06*** 0.07*** 0.08*** 0.05**
(0.02) (0.03) (0.02) (0.02) (0.02) (0.02)

SIMS 0.02** 0.01 0.03***
(0.01) (0.01) (0.01)

SIMT 0.32*** 0.26*** 0.40***
(0.06) (0.06) (0.06)

Observations 1,418,012 889,854 528,158 1,418,012 889,854 528,158 1,418,012 889,854 528,158
AdjustedR2 0.22 0.16 0.19 0.22 0.16 0.19 0.33 0.19 0.36
Mean Y - Baseline 0.10 0.06 0.21 0.10 0.06 0.21 0.23 0.13 0.52
Mean Y - Overall 0.22 0.14 0.34 0.22 0.14 0.34 0.44 0.27 0.73

Mean SIM - Overall 0.35 0.23 0.54
Mean SIMS - Overall 0.30 0.19 0.49
Mean SIMT - Overall 0.65 0.42 1.04

Notes: This table shows results fromregressions estimating the effect of race-specific simulated eligibility onchild-level and family-levelMedicaid coverage.
SIM, SIMS, and SIMT refers to child’s own, sibling’s total, and family’s total simulated eligibility, respectively. All regressions include child-level controls
(indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of
the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimumwage, inflation-adjustedmaximumwelfare
benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). In models using the full
sample all controls are interacted with a race indicator. Regressions are weighted with parental survey weights divided by number of children per family.
Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with
parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 3:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility onMaternal Labor Supply

All White Non-White

Usual Hours Worked perWeek
SIMT 0.19 -0.17 0.66**

(0.18) (0.26) (0.26)
Observations 1,375,551 863,738 511,813
AdjustedR2 0.07 0.08 0.06
Mean Y - Baseline 21.89 21.61 22.75
Mean Y - Overall 25.56 25.91 24.96

WeeksWorked per Year
SIMT 0.38** -0.02 0.90***

(0.18) (0.26) (0.31)
Observations 1,375,551 863,738 511,813
AdjustedR2 0.09 0.09 0.09
Mean Y - Baseline 25.41 25.60 24.86
Mean Y - Overall 31.44 32.43 29.71

Labor Force Participation
SIMT 0.01*** 0.00 0.03***

(0.00) (0.01) (0.01)
Observations 1,330,378 838,593 491,785
AdjustedR2 0.07 0.07 0.07
Mean Y - Baseline 0.57 0.57 0.57
Mean Y - Overall 0.68 0.69 0.66

Annual Total Earnings ($2020)
SIMT -269 -294 -236

( 435) ( 554) ( 566)
Observations 1,375,551 863,738 511,813
AdjustedR2 0.08 0.08 0.07
Mean Y - Baseline 14,826 14,674 15,279
Mean Y - Overall 24,306 25,932 21,485

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental labor supply (usual hours worked per week last year, weeks worked last year, usual hours worked last year,
and labor forceparticipation lastweek). Usualhoursworkedperweek,weeksworked last year, andusualhoursworked
last year include zeros. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest
child, and number of children in the family), and state-level controls (unemployment rate, minimumwage, inflation-
adjusted maximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers,
implementation of any waiver or TANF). Inmodels using the full sample all controls are interacted with a race indica-
tor. Regressions are weighted with parental survey weights divided by number of children per family. Standard errors
in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to chil-
dren age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 4:
Effect of Total Child Years of Simulated Eligibility onMaternal Labor Supply

All White Non-White

Usual Hours Worked perWeek
SIMC 0.09** -0.02 0.22***

( 0.03) ( 0.05) ( 0.04)
Observations 5,837,237 4,029,464 1,807,773
AdjustedR2 0.06 0.06 0.05
Mean Y - Baseline 23.33 23.49 22.91
Mean Y - Overall 24.63 25.05 23.88

Labor Force Participation
SIMC 0.000 -0.002* 0.004***

(0.001) (0.001) (0.001)
Observations 5,837,237 4,029,464 1,807,773
AdjustedR2 0.05 0.05 0.04
Mean Y - Baseline 0.69 0.69 0.67
Mean Y - Overall 0.71 0.72 0.69

Notes: This table shows results from regressions estimating the effect of total child years of simulated eligibility on
parental labor supply (usual hours worked per week last year and labor force participation last week). Usual hours
worked per week last year include zeros. All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from 5% census sample 1990 and 2000 and
ACS 2010. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 5:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on
Earnings, Taxes, Government Transfers, andMedicaid Cost

Medicaid Cost Federal & State Tax

SIMT 941*** 432
( 113) ( 655)

Observations 1,189,020 1,189,020
AdjustedR2 0.81 0.11
Mean Outcome - Baseline 290 12,508
Mean Outcome - Overall 881 12,250

Federal & State Tax (19% FICA) Federal & State Tax (100% FICA)

SIMT 474 653
( 677) ( 775)

Observations 1,189,020 1,189,020
AdjustedR2 0.12 0.14
Mean Outcome - Baseline 13,792 19,263
Mean Outcome - Overall 14,117 22,078

Notes: This table shows results from regression estimating the effect of race-specific total simulated eligibility on an-
nual federal and state taxes ($2020) and child’s totalMedicaid cost ($2020). All regressions include child-level controls
(indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for
parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfarewaivers, implementation of anywaiver or TANF). Inmodels using the full
sample all controls are interactedwith a race indicator. Regressions areweightedwith parental surveyweights divided
by number of children per family. Standard errors in parentheses are clustered at the state level. The data is fromCPS
ASEC 1981-2013 and MSIS 1980-2012. The sample is restricted to children age 0-18 with parents age 20-64. *** p <
0.01, ** p < 0.05, * p < 0.10, respectively.
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Table 6:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Paternal Labor Supply

All White Non-White

Usual Hours Worked perWeek
SIMT 0.52*** 0.80*** 0.02

(0.17) (0.21) (0.24)
Observations 1,117,645 762,111 355,534
AdjustedR2 0.04 0.03 0.03
Mean Y - Baseline 42.07 42.93 38.74
Mean Y - Overall 41.63 42.93 38.73

WeeksWorked per Year
SIMT 0.44** 0.63*** 0.10

(0.17) (0.18) (0.32)
Observations 1,117,645 762,111 355,534
AdjustedR2 0.04 0.03 0.04
Mean Y - Baseline 46.53 47.32 43.45
Mean Y - Overall 46.08 47.04 43.93

Labor Force Participation
SIMT 0.00 0.01* 0.00

(0.00) (0.00) (0.00)
Observations 1,058,665 724,271 334,394
AdjustedR2 0.04 0.03 0.04
Mean Y - Baseline 0.96 0.97 0.92
Mean Y - Overall 0.94 0.95 0.92

Annual Total Earnings ($2020)
SIMT 5,951*** 10,318*** -1,950*

( 1,340) ( 1,642) ( 974)
Observations 1,117,645 762,111 355,534
AdjustedR2 0.10 0.08 0.05
Mean Y - Baseline 62,535 66,614 46,665
Mean Y - Overall 65,210 72,342 49,282

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental labor supply (usual hours worked per week last year, weeks worked last year, usual hours worked last year,
and labor forceparticipation lastweek). Usualhoursworkedperweek,weeksworked last year, andusualhoursworked
last year include zeros. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest
child, and number of children in the family), and state-level controls (unemployment rate, minimumwage, inflation-
adjusted maximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers,
implementation of any waiver or TANF). Inmodels using the full sample all controls are interacted with a race indica-
tor. Regressions are weighted with parental survey weights divided by number of children per family. Standard errors
in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to chil-
dren age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Appendix

A Supplemental Figures and Tables

52



Figure A.1:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental WeeksWorked per Year

(a) Parents withWhite Children
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(b) Parents with Non-White Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on parental weeks worked last year. Each point estimate and confidence interval is obtained from a different regression where the dependent
variable is an indicator equals to one if a parent worked more than X (0,10,...,50) weeks last year. All regressions include child-level controls (indicators for
sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest
child, and number of children in the family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit
for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Regressions are weighted with
parental survey weights divided by number of children per family. Standard errors are clustered at the state level. The data is from CPS ASEC 1980-2015.
The sample is restricted to children age 0-18 with parents age 20-64.
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Figure A.2:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility
on Educational Outcomes of Parents with white Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of
race-ethnicity-specific total simulated eligibility on parental marital outcomes (indicator for no high school, high
school, some college, college or more). All models include child-level controls (indicators for sex, race and ethnicity,
age, state of residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family). All models except model 2 contain state-level controls
(unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4
includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-
by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental survey
weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.3:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on
Educational Outcomes of Parents with Non-white Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of
race-ethnicity-specific total simulated eligibility on parental marital outcomes (indicator for no high school, high
school, some college, college or more). All models include child-level controls (indicators for sex, race and ethnicity,
age, state of residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family). All models except model 2 contain state-level controls
(unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4
includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-
by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental survey
weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.4:
Effect of Race-Ethnicity-Specific Total Simulated Eligibi-
lity onMarital Outcomes of Parents withWhite Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of
race-ethnicity-specific total simulated eligibility on parental marital outcomes (indicator for married, nevermarried,
ever married, divorced). All models include child-level controls (indicators for sex, race and ethnicity, age, state
of residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of
the oldest child, and number of children in the family). All models except model 2 contain state-level controls
(unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4
includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-
by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental survey
weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.5:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility
onMarital Outcomes of Parents with Non-White Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of
race-ethnicity-specific total simulated eligibility on parental marital outcomes (indicator for married, nevermarried,
ever married, divorced). All models include child-level controls (indicators for sex, race and ethnicity, age, state
of residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of
the oldest child, and number of children in the family). All models except model 2 contain state-level controls
(unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4
includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-
by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental survey
weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.6:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility onMedicaid Coverage and Eligibility
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on Medicaid coverage and actual eligibility of children. All models include child-level controls (indicators for sex, race and ethnicity, age,
state of residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of
children in the family). All models except model 2 contain state-level controls (unemployment rate, minimumwage, inflation-adjusted maximumwelfare
benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4 includes year-by-age-by-race-ethnicity
fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions
are weighted with parental survey weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.7:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental Usual Hours Worked perWeek
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on parental usual hours worked per week last year. All models include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children
in the family). All models except model 2 contain state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare
benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes
state-by-year-by-race-ethnicity fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4 includes year-by-age-by-race-ethnicity
fixed effects. Model 5 includes state-by-year-by-race-ethnicity, state-by-age-by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions
are weighted with parental survey weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64.
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Figure A.8:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental WeeksWorked per Year
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on parental weeks worked last year. All models include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar
year) and parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family). All models
except model 2 contain state-level controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level
EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes state-by-year-by-race-ethnicity fixed
effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4 includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes
state-by-year-by-race-ethnicity, state-by-age-by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental
survey weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents
age 20-64.
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Figure A.9:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental Labor Force Participation
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated eli-
gibility on parental labor force participation last week. All models include child-level controls (indicators for sex, race and ethnicity, age, state of residence,
calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family).
All models exceptmodel 2 contain state-level controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes state-by-year-by-race-ethnicity
fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4 includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes
state-by-year-by-race-ethnicity, state-by-age-by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental
survey weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents
age 20-64.
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Figure A.10:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental Annual Earnings ($2020)
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of race-ethnicity-specific total simulated
eligibility on parental annual earnings ($2020) last year. Allmodels include child-level controls (indicators for sex, race and ethnicity, age, state of residence,
calendar year) and parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family).
All models exceptmodel 2 contain state-level controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). Model 2 includes state-by-year-by-race-ethnicity
fixed effects. Model 3 includes state-by-age-by-race-ethnicity fixed effects. Model 4 includes year-by-age-by-race-ethnicity fixed effects. Model 5 includes
state-by-year-by-race-ethnicity, state-by-age-by-race-ethnicity, and year-by-age-by-race-ethnicity fixed effects. Regressions are weighted with parental
survey weights divided by number of children per family. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents
age 20-64.
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Table A.1:
Child-Level and Parent-Level Demographic Characteristics

(1) (2)

Fraction Female 0.49 0.49
(0.50) (0.50)

FractionWhite 0.64 0.65
(0.48) (0.48)

Fraction Black 0.14 0.14
(0.35) (0.34)

Fraction Other 0.03 0.03
(0.17) (0.18)

Fraction Hispanic 0.16 0.15
(0.36) (0.36)

Child’s Age 8.69 8.84
(5.68) (5.60)

Fraction under Age 6 0.35 0.34
(0.48) (0.47)

Fraction Age 6-11 0.29 0.30
(0.45) (0.46)

Fraction Age 12-18 0.36 0.36
(0.48) (0.48)

Fraction under 100% of FPL 0.17 0.15
(0.37) (0.36)

Fraction 100%-133% of FPL 0.07 0.06
(0.25) (0.24)

Fraction 133%-185% of FPL 0.11 0.10
(0.31) (0.30)

Fraction 185%-300% of FPL 0.22 0.22
(0.42) (0.41)

Fraction above 300% of FPL 0.43 0.47
(0.50) (0.50)

Fraction with Two Parents 0.71 0.73
(0.45) (0.44)

Fraction with a Single Mother 0.24 0.23
(0.43) (0.42)

Fraction with a Single Father 0.04 0.05
(0.21) (0.21)

continued on next page

63



Table A.1:
Child-Level and Parent-Level Demographic Characteristics (continued)

(1) (2)

Number of Children per Family 1.88 1.84
(0.99) (0.96)

Number of Children under 6 per Family 0.62 0.60
(0.79) (0.78)

Number of Children under 12 per Family 1.22 1.21
(1.03) (1.02)

Maternal Age 35.96 36.51
(8.47) (8.12)

Paternal Age 38.77 39.14
(8.83) (8.48)

Fraction withMother Attained HS or Less 0.50 0.49
(0.50) (0.50)

Fraction with Father Attained HS or Less 0.47 0.48
(0.50) (0.50)

Number of Children with at least a Mother 1,420,269 6,923,107
Number of Children with at least a Father 1,153,628 5,795,794

Notes: The table shows demographics characteristics of children and their parents observed in CPS ASEC 1980-2015
for the first time (column 1) and census sample 1990, 2000, and ACS 2010 (column 1) The sample is restricted to chil-
dren age 0-18 with parents age 20-64. Means are weighted with cross-sectional survey weights of parents divided by
number of children per family. Standard deviations are shown in parenthesis.
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Table A.2:
Effect of Race-Ethnicity-Specific Total Simula−
ted Eligibility on Parental Educational Outcomes

Maternal Educational Attainment Paternal Educational Attainment

All White Non-White All White Non-White

No High School
SIMT -0.01** 0.00 -0.02*** 0.00 0.01 -0.01

(0.00) (0.00) (0.01) (0.01) (0.01) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.13 0.07 0.09 0.11 0.05 0.07
Mean Y - Baseline 0.23 0.18 0.39 0.22 0.18 0.38
Mean Y - Overall 0.15 0.09 0.25 0.14 0.09 0.26

High School
SIMT 0.01 -0.01** 0.03*** -0.00 -0.02** 0.02***

(0.00) (0.01) (0.01) (0.01) (0.01) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.06 0.07 0.02 0.04 0.05 0.03
Mean Y - Baseline 0.45 0.47 0.38 0.35 0.35 0.33
Mean Y - Overall 0.35 0.36 0.34 0.33 0.33 0.33

Some College
SIMT 0.00 -0.00 0.02*** -0.01* -0.01*** 0.00

(0.00) (0.01) (0.00) (0.00) (0.00) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.02 0.02 0.02 0.02 0.02 0.01
Mean Y - Baseline 0.19 0.20 0.15 0.20 0.21 0.17
Mean Y - Overall 0.27 0.29 0.24 0.24 0.25 0.21

College orMore
SIMT -0.00 0.01** -0.02*** 0.00 0.02*** -0.02**

(0.00) (0.01) (0.00) (0.01) (0.01) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.16 0.16 0.11 0.11 0.10 0.09
Mean Y - Baseline 0.13 0.15 0.08 0.23 0.26 0.12
Mean Y - Overall 0.23 0.27 0.16 0.28 0.32 0.20

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental educational attainment (indicator for no high school, high school, some college, and college ormore). Usual
hours worked per week andweeks worked last year include zeros. All regressions include child-level controls (indica-
tors for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental
age, age of the youngest, age of the oldest child, and number of children in the family), and state-level controls (un-
employment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC,
implementation of six types of welfare waivers, implementation of anywaiver or TANF). Inmodels using the full sam-
ple all controls are interacted with a race indicator. Regressions are weighted with parental survey weights divided by
number of children per family. Standard errors in parentheses are clustered at the state level. The data is from CPS
ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p <
0.10.

65



Table A.3:
Effect of Race-Ethnicity-Specific Total Simu−
lated Eligibility on Parental Marital Outcomes

Maternal Marital Outcomes Paternal Marital Outcomes

All White Non-White All White Non-White

Married
SIMT 0.01*** 0.00 0.03*** 0.02*** 0.02*** 0.02***

(0.00) (0.00) (0.01) (0.00) (0.00) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.13 0.08 0.10 0.07 0.06 0.07
Mean Y - Baseline 0.80 0.85 0.64 0.97 0.98 0.94
Mean Y - Overall 0.72 0.80 0.59 0.90 0.92 0.86

Never Married
SIMT -0.02*** -0.02*** -0.01 -0.02*** -0.02*** -0.03***

(0.00) (0.00) (0.01) (0.00) (0.00) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.21 0.13 0.17 0.11 0.08 0.10
Mean Y - Baseline 0.04 0.01 0.13 0.01 0.00 0.02
Mean Y - Overall 0.11 0.05 0.22 0.04 0.03 0.08

Ever Married
SIMT 0.02*** 0.02*** 0.01 0.02*** 0.02*** 0.03***

(0.00) (0.00) (0.01) (0.00) (0.00) (0.01)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.21 0.13 0.17 0.11 0.08 0.10
Mean Y - Baseline 0.96 0.99 0.87 0.99 1.00 0.98
Mean Y - Overall 0.89 0.95 0.78 0.96 0.97 0.92

Divorced
SIMT 0.01*** 0.01*** 0.00 -0.00 -0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 1,331,513 839,256 492,257 1,081,834 740,261 341,573
AdjustedR2 0.04 0.04 0.04 0.03 0.03 0.02
Mean Y - Baseline 0.09 0.09 0.09 0.01 0.01 0.02
Mean Y - Overall 0.10 0.11 0.10 0.04 0.04 0.04

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental marital outcomes (indicator for married, never married, ever married, and divorced). Usual hours worked
per week and weeks worked last year include zeros. All regressions include child-level controls (indicators for sex,
race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of
the youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment
rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation
of six types of welfarewaivers, implementation of anywaiver or TANF). Inmodels using the full sample all controls are
interactedwith a race indicator. Regressions areweightedwith parental surveyweights divided by number of children
per family. Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The
sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.4:
Effect of Simulated Eligibility on Child’s Medicaid Coverage

Non-Race-Ethnicity-Specific Simulated Eligibility

Medicaid Coverage
Child-Level

Medicaid Coverage
Child-Level

Medicaid Coverage
Family-Level

SIM 0.10*** 0.08***
(0.02) (0.02)

SIMS 0.02**
(0.01)

SIMT 0.35***
(0.06)

Observations 1,418,012 1,418,012 1,418,012
AdjustedR2 0.21 0.21 0.30
Mean Y - Baseline 0.10 0.10 0.23
Mean Y - Overall 0.22 0.22 0.44

Race-Ethnicity-Specific Simulated Eligibility (SHADAC)

Medicaid Coverage
Child-Level

Medicaid Coverage
Child-Level

Medicaid Coverage
Family-Level

SIM 0.06*** 0.04***
(0.02) (0.01)

SIMS 0.02**
(0.01)

SIMT 0.23***
(0.05)

Observations 930,776 930,776 930,776
AdjustedR2 0.22 0.22 0.34
Mean Y - Baseline 0.14 0.14 0.30
Mean Y - Overall 0.23 0.23 0.46

Notes: This table shows results fromregressions estimating the effect of simulated eligibility on child-level and family-
level Medicaid coverage. SIM, SIMS, and SIMT refers to child’s own, sibling’s total, and family’s total simulated eli-
gibility, respectively. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest
child, and number of children in the family), and state-level controls (unemployment rate, minimumwage, inflation-
adjusted maximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers,
implementation of anywaiver or TANF). The controls in regressions using the full sample and race-specific simulated
eligibility are interactedwith a race indicator. Regressions areweightedwith parental surveyweights divided by num-
ber of children per family. Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC
1980-2015 in the top panel andCPSASEC 1988-2013 in the bottompanel. The sample is restricted to children age 0-18
with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.5:
Effect of Race-Ethnicity-Specific Total Simulated Eli−
gibility on Parental Usual Hours Worked perWeek

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Positive Hours
SIMT 0.004 -0.004 0.015** 0.005* 0.008** 0.000

(0.004) (0.005) (0.007) (0.003) (0.003) (0.005)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.06 0.06 0.06 0.03 0.02 0.03
Mean Y - Baseline 0.65 0.65 0.62 0.94 0.95 0.91
Mean Y - Overall 0.72 0.74 0.67 0.94 0.95 0.91

Part-Time Employment
SIMT -0.003 -0.002 -0.005 -0.001 -0.004** 0.002

(0.004) (0.005) (0.004) (0.002) (0.002) (0.003)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.03 0.02 0.01 0.01 0.01 0.01
Mean Y - Baseline 0.21 0.24 0.13 0.02 0.02 0.03
Mean Y - Overall 0.20 0.24 0.15 0.04 0.03 0.05

Full-Time Employment
SIMT 0.007 -0.003 0.021*** 0.007* 0.012*** -0.002

(0.005) (0.008) (0.006) (0.004) (0.004) (0.006)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.06 0.07 0.05 0.03 0.02 0.03
Mean Y - Baseline 0.43 0.41 0.49 0.92 0.93 0.88
Mean Y - Overall 0.51 0.50 0.53 0.90 0.92 0.86

Notes: This table shows results fromregressions estimating theeffectof race-specific total simulatedeligibility on like-
lihood of parents working any hours last year, working part time last year (>0 and<35 hours per week), and working
full time last year (≥ 35 hours per week). All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.6:
Effect of Race-Ethnicity-Specific Simulated Eligibility onMaternal WeeksWorked per Year

All White Non-
White

All White Non-
White

All White Non-
White

SIM 0.46 0.13 1.05 0.16 0.19 0.48
(0.77) (0.99) (0.93) (0.82) (1.03) (0.94)

SIMS 0.43** -0.08 0.98***
(0.20) (0.27) (0.35)

SIMT 0.38** -0.02 0.90***
(0.18) (0.26) (0.31)

Observations 1,375,551 863,738 511,813 1,375,551 863,738 511,813 1,375,551 863,738 511,813
AdjustedR2 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09
Mean Y - Baseline 25.41 25.60 24.86 25.41 25.60 24.86 25.41 25.60 24.86
Mean Y - Overall 31.44 32.43 29.71 31.44 32.43 29.71 31.44 32.43 29.71

Notes: This table shows results from regressions estimating the effect of race-specific simulated eligibility onmaternal weeks worked last year. SIM, SIMS,
and SIMT refers to child’s own, sibling’s total, and family’s total simulated eligibility, respectively. All regressions include child-level controls (indicators
for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest
child, and number of children in the family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit
for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). In models using the full sample
all controls are interacted with a race indicator. Regressions are weighted with parental survey weights divided by number of children per family. Standard
errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age
20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.7:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility onMaternal Labor Supply byMarital Status

All White Non-White

All Single Married All Single Married All Single Married

Usual Hours Worked perWeek
SIMT 0.06 1.20*** -0.27 -0.18 0.18 -0.26 0.36 1.98*** -0.28

(0.16) (0.31) (0.20) (0.26) (0.36) (0.30) (0.25) (0.43) (0.31)
Observations 1,379,087 307,333 1,071,754 865,603 131,352 734,251 513,484 175,981 337,503
AdjustedR2 0.09 0.10 0.07 0.09 0.08 0.08 0.07 0.10 0.06
Mean Y - Baseline 21.89 26.10 20.77 21.62 28.96 20.29 22.69 22.66 22.71
Mean Y - Overall 25.63 27.95 24.84 25.99 30.30 25.05 25.01 26.04 24.38

WeeksWorked per Year
SIMT 0.15 1.18*** -0.15 -0.19 -0.03 -0.22 0.57* 2.10*** -0.04

(0.15) (0.42) (0.18) (0.24) (0.51) (0.27) (0.30) (0.60) (0.31)
Observations 1,379,087 307,333 1,071,754 865,603 131,352 734,251 513,484 175,981 337,503
AdjustedR2 0.10 0.13 0.09 0.10 0.10 0.09 0.09 0.13 0.07
Mean Y - Baseline 25.33 29.10 24.33 25.53 33.14 24.14 24.75 24.23 25.07
Mean Y - Overall 31.52 32.82 31.08 32.53 35.66 31.83 29.79 30.49 29.36

Labor Force Participation
SIMT 0.01* 0.03*** -0.00 -0.00 0.01 -0.01 0.02*** 0.04*** 0.01

(0.00) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Observations 1,333,837 297,260 1,036,577 840,427 127,690 712,737 493,410 169,570 323,840
AdjustedR2 0.08 0.09 0.07 0.08 0.07 0.08 0.08 0.09 0.06
Mean Y - Baseline 0.57 0.66 0.54 0.57 0.73 0.54 0.57 0.58 0.56
Mean Y - Overall 0.68 0.73 0.66 0.70 0.78 0.68 0.66 0.70 0.64

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on maternal labor supply (usual hours
worked per week last year, weeks worked last year, and labor force participation last week). Usual hours worked per week and weeks worked last year in-
clude zeros. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls
(indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,
minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implemen-
tation of any waiver or TANF). In models using the full sample all controls are interacted with a race andmarital status indicator. Regressions are weighted
with parental survey weights divided by number of children per family. Standard errors in parentheses are clustered at the state level. The data is from CPS
ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.8:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Paternal Labor Supply byMarital Status

All White Non-White

All Single Married All Single Married All Single Married

Usual Hours Worked perWeek
SIMT 0.47*** 0.17 0.48*** 0.58*** -0.24 0.61*** 0.31 0.91 0.29

(0.15) (0.68) (0.16) (0.19) (0.75) (0.19) (0.26) (1.11) (0.26)
Observations 1,119,770 48,255 1,071,515 763,405 29,175 734,230 356,365 19,080 337,285
AdjustedR2 0.05 0.07 0.04 0.03 0.04 0.02 0.04 0.04 0.03
Mean Y - Baseline 42.07 38.08 42.21 42.93 40.98 42.98 38.72 33.65 39.07
Mean Y - Overall 41.61 36.08 41.97 42.92 38.35 43.17 38.71 32.83 39.22

WeeksWorked per Year
SIMT 0.43** -0.15 0.45** 0.42*** -0.81 0.47*** 0.45 1.03 0.43

(0.18) (0.86) (0.17) (0.16) (0.87) (0.16) (0.34) (1.50) (0.34)
Observations 1,119,770 48,255 1,071,515 763,405 29,175 734,230 356,365 19,080 337,285
AdjustedR2 0.06 0.07 0.04 0.04 0.04 0.03 0.06 0.05 0.04
Mean Y - Baseline 46.50 40.04 46.73 47.31 43.24 47.42 43.38 35.17 43.94
Mean Y - Overall 46.06 39.89 46.45 47.02 42.26 47.27 43.92 36.50 44.56

Labor Force Participation
SIMT 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.01 0.00

(0.00) (0.01) (0.00) (0.00) (0.01) (0.00) (0.00) (0.03) (0.00)
Observations 1,060,726 46,085 1,014,641 725,531 27,908 697,623 335,195 18,177 317,018
AdjustedR2 0.05 0.05 0.04 0.04 0.04 0.03 0.05 0.04 0.04
Mean Y - Baseline 0.96 0.87 0.96 0.97 0.91 0.97 0.92 0.82 0.93
Mean Y - Overall 0.94 0.86 0.95 0.95 0.89 0.96 0.92 0.82 0.93

Notes: This table shows results fromregressions estimating theeffectof race-specific total simulatedeligibility onpaternal labor supply (usualhoursworked
per week last year, weeks worked last year, and labor force participation last week). Usual hours worked per week andweeks worked last year include zeros.
All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators
for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment rate, minimum
wage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any
waiver or TANF). Inmodels using the full sample all controls are interacted with a race andmarital status indicator. Regressions are weighted with parental
survey weights divided by number of children per family. Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-
2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.9:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on GeographicMobility

All White Non-White

Probability of Linking
SIMT 0.006 0.009* 0.003

(0.005) (0.006) (0.008)
Observations 813,767 549,484 264,283
AdjustedR2 0.16 0.18 0.11
Mean Y - Baseline 0.567 0.586 0.499
Mean Y - Overall 0.500 0.526 0.452

Within StateMobility
SIMT -0.010*** -0.011** -0.008*

(0.003) (0.005) (0.004)
Observations 1,370,392 861,007 509,385
AdjustedR2 0.08 0.09 0.07
Mean Y - Baseline 0.137 0.127 0.164
Mean Y - Overall 0.145 0.128 0.171

Across State Mobility
SIMT -0.002 -0.003 -0.001

(0.002) (0.002) (0.002)
Observations 1,370,392 861,007 509,385
AdjustedR2 0.02 0.02 0.02
Mean Y - Baseline 0.033 0.032 0.036
Mean Y - Overall 0.031 0.031 0.031

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
geographicmobility of children. All regressions include child-level controls (indicators for sex, race and ethnicity, age,
state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the
oldest child, and number of children in the family), and state-level controls (unemployment rate, minimum wage,
inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare
waivers, implementation of anywaiver or TANF). Inmodels using the full sample all controls are interactedwith a race
indicator. Regressions are weighted with parental survey weights divided by number of children per family. Standard
errors in parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.10:
Effect of Race-Ethnicity-Specific Total Simulated
Eligibility on Family-Level Government Transfers

Welfare SNAP Disability
SIMT -224.76*** -52.47 -43.37***

(72.39) (41.11) (12.12)

Observation 1,189,020 1,189,020 1,189,020
AdjustedR2 0.11 0.15 0.00
Mean Y - Baseline 884.34 503.98 0.00
Mean Y - Overall 505.88 514.31 113.66

SSI Unemployment School Lunch
SIMT 6.26 -4.62 169.33***

(20.22) (21.65) (31.37)

Observation 1,189,020 1,189,020 1,189,020
AdjustedR2 0.01 0.02 0.34
Mean Y - Baseline 75.20 967.15 0.00
Mean Y - Overall 180.06 521.94 166.49

Education Housing Subsidy Energy Subsidy
SIMT -42.62*** 78.65*** -12.13**

(13.46) (16.23) (4.75)

Observation 1,189,020 1,189,020 1,189,020
AdjustedR2 0.01 0.07 0.03
Mean Y - Baseline 0.00 0.00 0.00
Mean Y - Overall 261.92 130.75 39.84

Notes: This table shows results from regression estimating the effect of income-specific total simulated eligibility on
family-level annual income in 2020 dollars from public assistance (welfare), Supplemental Nutrition Assistance Pro-
gram (SNAP), disability income, Supplemental Security Income (SSI), unemployment compensation,monetary value
of school lunch, educational assistance, housing subsidy, and energy subsidy. All regressions include child-level con-
trols (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators
for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level
controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-
level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF). In models using
the full sample all controls are interactedwith a race indicator. Regressions areweightedwith parental surveyweights
divided by number of children per family. Standard errors in parentheses are clustered at the state level. The data is
from CPS ASEC 1981-2013 andMSIS 1980-2012. The sample is restricted to children age 0-18 with parents age 20-64.
*** p < 0.01, ** p < 0.05, * p < 0.10, respectively.
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Table A.11:
Effect of Race-Ethnicity-Specific Total Simulated Eligi−
bility on Labor Supply of Mothers withWhite Children

Robustness to Sample Selection

(1) (2) (3) (4) (5) (6)

Usual Hours Worked perWeek
SIMT -0.17 -0.19 -0.06 -0.49 -0.21 -0.16

(0.26) (0.27) (0.27) (0.37) (0.27) (0.27)
Observations 863,738 854,210 853,560 656,150 855,147 862,573
AdjustedR2 0.08 0.08 0.08 0.09 0.08 0.08
Mean Y - Baseline 21.61 21.58 21.72 21.61 21.61 21.61
Mean Y - Overall 25.91 25.91 25.97 25.62 25.83 25.92

WeeksWorked per Year
SIMT -0.02 -0.03 0.08 -0.22 -0.04 0.01

(0.26) (0.27) (0.27) (0.34) (0.27) (0.26)
Observations 863,738 854,210 853,560 656,150 858,407 862,573
AdjustedR2 0.09 0.09 0.09 0.10 0.09 0.09
Mean Y - Baseline 25.60 25.60 25.71 25.60 25.60 25.60
Mean Y - Overall 32.43 32.44 32.48 31.78 32.37 32.44

Labor Force Participation
SIMT 0.00 0.00 0.00 0.00 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Observations 838,593 829,299 829,042 655,688 837,299 837,498
AdjustedR2 0.07 0.07 0.07 0.08 0.07 0.07
Mean Y - Baseline 0.57 0.57 0.57 0.57 0.57 0.57
Mean Y - Overall 0.69 0.69 0.69 0.68 0.69 0.69

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using the baseline model. Column 2 reports estimates using a model that
drops children from Arizona. Column 3 reports estimates using a model that restricts the sample to chil-
dren with parents in prime working age (25-54). Column 4 reports estimates using a model that drops
children observed between 2008 and 2015. Column5 reports estimates using amodel that excludes obser-
vations with imputed outcome of interest. Column 6 reports estimates using a model that drops children
in families with nine ormore children. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age,
age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF).
Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family. Standard
errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05,* p < 0.10.
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Table A.12:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Labor Supply of Mothers with Non-White Children

Robustness to Sample Selection

(1) (2) (3) (4) (5) (6)

Usual Hours Worked perWeek
SIMT 0.66** 0.74*** 0.77*** 0.62** 0.63** 0.64**

(0.26) (0.25) (0.26) (0.30) (0.26) (0.25)
Observations 511,813 500,482 504,672 358,176 504,473 510,846
AdjustedR2 0.06 0.06 0.06 0.07 0.06 0.06
Mean Y - Baseline 22.75 22.81 22.94 22.75 22.75 22.77
Mean Y - Overall 24.96 25.01 25.05 24.87 24.78 24.96

WeeksWorked per Year
SIMT 0.90*** 1.01*** 1.03*** 1.00** 0.89*** 0.90***

(0.31) (0.31) (0.32) (0.40) (0.32) (0.32)
Observations 511,813 500,482 504,672 358,176 506,583 510,846
AdjustedR2 0.09 0.09 0.09 0.10 0.09 0.09
Mean Y - Baseline 24.86 24.94 25.04 24.86 24.86 24.89
Mean Y - Overall 29.71 29.78 29.79 29.03 29.56 29.72

Labor Force Participation
SIMT 0.03*** 0.03*** 0.03*** 0.03*** 0.03*** 0.03***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Observations 491,785 480,990 485,024 357,877 490,258 490,846
AdjustedR2 0.07 0.07 0.07 0.08 0.07 0.07
Mean Y - Baseline 0.57 0.57 0.57 0.57 0.57 0.57
Mean Y - Overall 0.66 0.66 0.66 0.65 0.66 0.66

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using the baseline model. Column 2 reports estimates using a model that
drops children from Arizona. Column 3 reports estimates using a model that restricts the sample to chil-
dren with parents in prime working age (25-54). Column 4 reports estimates using a model that drops
children observed between 2008 and 2015. Column5 reports estimates using amodel that excludes obser-
vations with imputed outcome of interest. Column 6 reports estimates using a model that drops children
in families with nine ormore children. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age,
age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF).
Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family. Standard
errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05,* p < 0.10.
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Table A.13:
Effect of Race-Ethnicity-Specific Total Simulated Eligi−
bility on Labor Supply of Fathers withWhite Children

Robustness to Sample Selection

(1) (2) (3) (4) (5) (6)

Usual Hours Worked perWeek
SIMT 0.80*** 0.80*** 0.80*** 0.59** 0.80*** 0.85***

(0.21) (0.22) (0.21) (0.25) (0.22) (0.22)
Observations 762,111 753,813 736,632 577,507 754,221 761,029
AdjustedR2 0.03 0.03 0.02 0.03 0.03 0.03
Mean Y - Baseline 42.93 42.93 43.18 42.93 42.93 42.93
Mean Y - Overall 42.93 42.94 43.16 43.22 42.93 42.93

WeeksWorked per Year
SIMT 0.63*** 0.64*** 0.58*** 0.51** 0.65*** 0.65***

(0.18) (0.18) (0.17) (0.22) (0.18) (0.18)
Observations 762,111 753,813 736,632 577,507 757,789 761,029
AdjustedR2 0.03 0.03 0.02 0.03 0.03 0.03
Mean Y - Baseline 47.32 47.32 47.60 47.32 47.32 47.32
Mean Y - Overall 47.04 47.04 47.27 47.19 47.04 47.04

Labor Force Participation
SIMT 0.01* 0.01** 0.01** 0.00 0.01* 0.01**

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 724,271 716,412 700,063 564,636 723,253 723,259
AdjustedR2 0.03 0.03 0.01 0.04 0.03 0.03
Mean Y - Baseline 0.97 0.97 0.97 0.97 0.97 0.97
Mean Y - Overall 0.95 0.95 0.96 0.96 0.95 0.95

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using the baseline model. Column 2 reports estimates using a model that
drops children from Arizona. Column 3 reports estimates using a model that restricts the sample to chil-
dren with parents in prime working age (25-54). Column 4 reports estimates using a model that drops
children observed between 2008 and 2015. Column5 reports estimates using amodel that excludes obser-
vations with imputed outcome of interest. Column 6 reports estimates using a model that drops children
in families with nine ormore children. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age,
age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF).
Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family. Standard
errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05,* p < 0.10.
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Table A.14:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Labor Supply of Fathers with Non-White Children

Robustness to Sample Selection

(1) (2) (3) (4) (5) (6)

Usual Hours Worked perWeek
SIMT 0.02 -0.02 0.07 -0.06 0.01 0.03

(0.24) (0.24) (0.23) (0.25) (0.24) (0.23)
Observations 355,534 346,744 341,267 246,425 348,855 354,900
AdjustedR2 0.03 0.03 0.02 0.03 0.03 0.03
Mean Y - Baseline 38.74 38.71 39.10 38.74 38.74 38.74
Mean Y - Overall 38.73 38.73 39.05 38.98 38.68 38.73

WeeksWorked per Year
SIMT 0.10 0.11 0.19 -0.18 0.08 0.10

(0.32) (0.34) (0.32) (0.32) (0.33) (0.32)
Observations 355,534 346,744 341,267 246,425 351,166 354,900
AdjustedR2 0.04 0.04 0.03 0.04 0.04 0.04
Mean Y - Baseline 43.45 43.41 43.92 43.45 43.45 43.46
Mean Y - Overall 43.93 43.92 44.28 43.95 43.91 43.94

Labor Force Participation
SIMT 0.00 0.00 0.00 -0.00 0.00 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 334,394 326,208 320,956 240,791 333,407 333,797
AdjustedR2 0.04 0.04 0.01 0.04 0.04 0.04
Mean Y - Baseline 0.92 0.92 0.94 0.92 0.92 0.92
Mean Y - Overall 0.92 0.92 0.93 0.92 0.92 0.92

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using the baseline model. Column 2 reports estimates using a model that
drops children from Arizona. Column 3 reports estimates using a model that restricts the sample to chil-
dren with parents in prime working age (25-54). Column 4 reports estimates using a model that drops
children observed between 2008 and 2015. Column5 reports estimates using amodel that excludes obser-
vations with imputed outcome of interest. Column 6 reports estimates using a model that drops children
in families with nine ormore children. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age,
age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4,
state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or TANF).
Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family. Standard
errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05,* p < 0.10.
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Table A.15:
Effect of Race-Ethnicity-Specific Total Simulated Eligi−
bility on Labor Supply of Parents withWhite Children

Robustness to Identifying Assumption

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (1) (2) (3)

Usual Hours Worked perWeek
SIMT -0.55** -0.56** -0.59*** 0.92*** 0.90*** 0.90***

(0.22) (0.22) (0.22) (0.23) (0.23) (0.22)
Observations 863,738 863,738 863,738 762,111 762,111 762,111
AdjustedR2 0.08 0.08 0.09 0.03 0.03 0.04
Mean Y - Baseline 21.61 21.61 21.61 42.93 42.93 42.93
Mean Y - Overall 25.91 25.91 25.91 42.93 42.93 42.93

WeeksWorked per Year
SIMT -0.11 -0.14 -0.14 0.76*** 0.74*** 0.73***

(0.29) (0.30) (0.30) (0.19) (0.19) (0.19)
Observations 863,738 863,738 863,738 762,111 762,111 762,111
AdjustedR2 0.09 0.10 0.10 0.04 0.04 0.04
Mean Y - Baseline 25.60 25.60 25.60 47.32 47.32 47.32
Mean Y - Overall 32.43 32.43 32.43 47.04 47.04 47.04

Labor Force Participation
SIMT -0.00 -0.00 -0.00 0.01** 0.01** 0.01**

(0.01) (0.01) (0.01) (0.00) (0.00) (0.00)
Observations 838,593 838,593 838,593 724,271 724,271 724,271
AdjustedR2 0.08 0.08 0.08 0.03 0.04 0.04
Mean Y - Baseline 0.57 0.57 0.57 0.97 0.97 0.97
Mean Y - Overall 0.69 0.69 0.69 0.95 0.95 0.95

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental labor supply (usual hoursworkedperweek last year, weeksworked last year, and labor force participation last
week). Usual hours worked per week and weeks worked last year include zeros. Column 1 adds state-by-year, state-
by-age, and year-by-age fixed effects to the baseline model. Column 2 adds state-by-age linear time trends to model
used in column 1. Column 3 adds region-by-year-by-age fixed effects to model used in column 1. All regressions
include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-
level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the
family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit
for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or
TANF). Regressions are weighted with parental survey weights divided by number of children per family. Standard
errors in parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.16:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Labor Supply of Parents with Non-White Children

Robustness to Identifying Assumption

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (1) (2) (3)

Usual Hours Worked perWeek
SIMT 0.60* 0.59* 0.60* -0.28 -0.32 -0.27

(0.32) (0.32) (0.31) (0.27) (0.27) (0.27)
Observations 511,813 511,813 511,813 355,534 355,534 355,534
AdjustedR2 0.07 0.07 0.07 0.04 0.04 0.05
Mean Y - Baseline 22.75 22.75 22.75 38.74 38.74 38.74
Mean Y - Overall 24.96 24.96 24.96 38.73 38.73 38.73

WeeksWorked per Year
SIMT 0.93** 0.94** 0.92** -0.02 -0.06 -0.00

(0.37) (0.37) (0.36) (0.35) (0.35) (0.36)
Observations 511,813 511,813 511,813 355,534 355,534 355,534
AdjustedR2 0.09 0.09 0.10 0.05 0.05 0.06
Mean Y - Baseline 24.86 24.86 24.86 43.45 43.45 43.45
Mean Y - Overall 29.71 29.71 29.71 43.93 43.93 43.93

Labor Force Participation
SIMT 0.03*** 0.03*** 0.03*** -0.00 -0.00 -0.00

(0.01) (0.01) (0.01) (0.00) (0.00) (0.00)
Observations 491,785 491,785 491,785 334,394 334,394 334,394
AdjustedR2 0.07 0.07 0.08 0.05 0.05 0.06
Mean Y - Baseline 0.57 0.57 0.57 0.92 0.92 0.92
Mean Y - Overall 0.66 0.66 0.66 0.92 0.92 0.92

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental labor supply (usual hoursworkedperweek last year, weeksworked last year, and labor force participation last
week). Usual hours worked per week and weeks worked last year include zeros. Column 1 adds state-by-year, state-
by-age, and year-by-age fixed effects to the baseline model. Column 2 adds state-by-age linear time trends to model
used in column 1. Column 3 adds region-by-year-by-age fixed effects to model used in column 1. All regressions
include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-
level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the
family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit
for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any waiver or
TANF). Regressions are weighted with parental survey weights divided by number of children per family. Standard
errors in parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.17:
Effect of Race-Ethnicity-Specific Total Simulated Eligibility on Parental Annual Earnings

Robustness to Imputation & Topcodes

Maternal Annual Earnings Paternal Annual Earnings

All White Non-White All White Non-White

Non-Imputed Observations
SIMT -376 -419 -310 5,209*** 8,385*** -1,651*

( 350) ( 423) ( 486) ( 1,214) ( 1,457) ( 832)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.08 0.08 0.07 0.10 0.08 0.05
Mean Y - Baseline 15,060 14,822 15,765 63,422 67,377 48,034
Mean Y - Overall 24,799 26,308 22,178 66,098 73,258 50,062

Rank Proximity Swap Topcodes
SIMT -411 -520 -240 4,782*** 7,727*** -1,578**

( 326) ( 420) ( 444) ( 1,143) ( 1,372) ( 740)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.07 0.07 0.06 0.07 0.06 0.04
Mean Y - Baseline 14,846 14,698 15,285 64,316 68,713 47,211
Mean Y - Overall 24,345 25,967 21,529 66,051 73,427 49,577

Cell Means Replacement Topcodes
SIMT -367 -416 -291 4,848*** 7,820*** -1,570*

( 350) ( 421) ( 490) ( 1,163) ( 1,393) ( 830)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.08 0.07 0.07 0.09 0.08 0.05
Mean Y - Baseline 14,854 14,702 15,309 64,302 68,695 47,210
Mean Y - Overall 24,354 25,991 21,513 66,020 73,400 49,536

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental annual total earnings ($2020) last year. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the
youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,
minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of
six types of welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are
interactedwith a race indicator. Regressions areweightedwith parental surveyweights divided by number of children
per family. Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The
sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.18:
Effect of Race-Ethnicity-Specific Total Simulated Eligi−
bility on Labor Supply of Parents withWhite Children

Robustness toMaternal Eligibility

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (4) (1) (2) (3) (4)

Usual Hours Worked perWeek
SIMT -0.17 -0.24 -0.31 -0.23 0.80*** 0.84*** 0.80*** 0.86***

(0.26) (0.26) (0.27) (0.26) (0.21) (0.22) (0.21 (0.23)
Observations 863,738 863,738 812,682 863,738 762,111 762,111 713,723 762,111
AdjustedR2 0.08 0.08 0.08 0.08 0.03 0.03 0.03 0.03
Mean Y - Baseline 21.61 21.61 21.43 21.61 42.93 42.93 42.93 42.93
Mean Y - Overall 25.91 25.91 25.89 25.91 42.93 42.93 42.93 42.93

WeeksWorked per Year
SIMT -0.02 -0.08 -0.14 -0.08 0.63*** 0.65*** 0.62*** 0.66***

(0.26) (0.25) (0.26) (0.25) (0.18) (0.18) (0.17 (0.19)
Observations 863,738 863,738 812,682 863,738 762,111 762,111 713,723 762,111
AdjustedR2 0.09 0.09 0.09 0.09 0.03 0.03 0.03 0.03
Mean Y - Baseline 25.60 25.60 25.78 25.60 47.32 47.32 47.35 47.32
Mean Y - Overall 32.43 32.43 32.74 32.43 47.04 47.04 47.01 47.04

Labor Force Participation
SIMT 0.00 0.00 -0.00 0.00 0.01* 0.01* 0.00 0.01**

(0.01) (0.01) (0.01) (0.01) (0.00) (0.00) (0.00 (0.00)
Observations 838,593 838,593 788,756 838,593 724,271 724,271 678,446 724,271
AdjustedR2 0.07 0.07 0.07 0.07 0.03 0.03 0.03 0.03
Mean Y - Baseline 0.57 0.57 0.58 0.57 0.97 0.97 0.96 0.97
Mean Y - Overall 0.69 0.69 0.70 0.69 0.95 0.95 0.95 0.95

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
forceparticipation lastweek). Usualhoursworkedperweekandweeksworked last year includezeros. Col-
umn 1 reports estimates using the baseline model. Column 2 reports estimates using maternal eligibility
(women age 15-44) for zero-year old children. Column 3 reports estimates dropping children age zero.
Column 4 reports estimates usingmaternal eligibility (motherswith children of age zero) for zero-year old
children. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of
the oldest child, andnumber of children in the family), and state-level controls (unemployment rate,min-
imum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implemen-
tation of six types of welfare waivers, implementation of any waiver or TANF). Regressions are weighted
with parental surveyweights divided by number of children per family. Standard errors in parentheses are
clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to children age
0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.19:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Labor Supply of Parents with Non-White Children

Robustness toMaternal Eligibility

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (4) (1) (2) (3) (4)

Usual Hours Worked perWeek
SIMT 0.66** 0.63** 0.55** 0.64** 0.02 0.02 0.08 0.02

(0.26) (0.25) (0.25) (0.25) (0.24) (0.24) (0.25 (0.23)
Observations 511,813 511,813 483,931 511,813 355,534 355,534 334,463 355,534
AdjustedR2 0.06 0.06 0.06 0.06 0.03 0.03 0.03 0.03
Mean Y - Baseline 22.75 22.75 22.89 22.75 38.74 38.74 38.93 38.74
Mean Y - Overall 24.96 24.96 25.19 24.96 38.73 38.73 38.67 38.73

WeeksWorked per Year
SIMT 0.90*** 0.88*** 0.77** 0.90*** 0.10 0.11 0.17 0.10

(0.31) (0.32) (0.32) (0.32) (0.32) (0.32) (0.31 (0.32)
Observations 511,813 511,813 483,931 511,813 355,534 355,534 334,463 355,534
AdjustedR2 0.09 0.09 0.08 0.09 0.04 0.04 0.04 0.04
Mean Y - Baseline 24.86 24.86 25.36 24.86 43.45 43.45 43.63 43.45
Mean Y - Overall 29.71 29.71 30.23 29.71 43.93 43.93 43.88 43.93

Labor Force Participation
SIMT 0.03*** 0.03*** 0.02*** 0.03*** 0.00 -0.00 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.00) (0.00) (0.00 (0.00)
Observations 491,785 491,785 464,819 491,785 334,394 334,394 314,575 334,394
AdjustedR2 0.07 0.07 0.06 0.07 0.04 0.04 0.04 0.04
Mean Y - Baseline 0.57 0.57 0.58 0.57 0.92 0.92 0.92 0.92
Mean Y - Overall 0.66 0.66 0.67 0.66 0.92 0.92 0.92 0.92

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
forceparticipation lastweek). Usualhoursworkedperweekandweeksworked last year includezeros. Col-
umn 1 reports estimates using the baseline model. Column 2 reports estimates using maternal eligibility
(women age 15-44) for zero-year old children. Column 3 reports estimates dropping children age zero.
Column 4 reports estimates usingmaternal eligibility (motherswith children of age zero) for zero-year old
children. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of
residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of
the oldest child, andnumber of children in the family), and state-level controls (unemployment rate,min-
imum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implemen-
tation of six types of welfare waivers, implementation of any waiver or TANF). Regressions are weighted
with parental surveyweights divided by number of children per family. Standard errors in parentheses are
clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is restricted to children age
0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.20:
Effect of Race-Ethnicity-Specific Total Simulated Eligi−
bility on Labor Supply of Parents withWhite Children

Robustness to Simulated Eligibility Type

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (4) (1) (2) (3) (4)

Usual Hours Worked perWeek
SIMT -0.17 -0.05 -0.06 -0.07 0.80*** 0.59*** 0.59*** 0.61***

(0.26) (0.23) (0.23) (0.26) (0.21) (0.16) (0.16 (0.17)
Observations 863,738 863,738 863,738 863,738 762,111 762,111 762,111 762,111
AdjustedR2 0.08 0.08 0.08 0.08 0.03 0.03 0.03 0.03
Mean Y - Baseline 21.61 21.61 21.61 21.61 42.93 42.93 42.93 42.93
Mean Y - Overall 25.91 25.91 25.91 25.91 42.93 42.93 42.93 42.93

WeeksWorked per Year
SIMT -0.02 0.07 0.07 0.02 0.63*** 0.47*** 0.47*** 0.46***

(0.26) (0.22) (0.22) (0.25) (0.18) (0.13) (0.13 (0.14)
Observations 863,738 863,738 863,738 863,738 762,111 762,111 762,111 762,111
AdjustedR2 0.09 0.09 0.09 0.09 0.03 0.03 0.03 0.03
Mean Y - Baseline 25.60 25.60 25.60 25.60 47.32 47.32 47.32 47.32
Mean Y - Overall 32.43 32.43 32.43 32.43 47.04 47.04 47.04 47.04

Labor Force Participation
SIMT 0.00 0.00 0.00 0.00 0.01* 0.00* 0.00* 0.00

(0.01) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00 (0.00)
Observations 838,593 838,593 838,593 838,593 724,271 724,271 724,271 724,271
AdjustedR2 0.07 0.07 0.07 0.07 0.03 0.03 0.03 0.03
Mean Y - Baseline 0.57 0.57 0.57 0.57 0.97 0.97 0.97 0.97
Mean Y - Overall 0.69 0.69 0.69 0.69 0.95 0.95 0.95 0.95

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using simulated annual eligibility. Column 2 reports estimates using total
simulated fixed eligibility (CPI). Column 3 reports estimates using total simulated fixed eligibility (RCPI).
Column 4 reports estimates using total simulated fixed eligibility (WAGE). All regressions include child-
level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level
controls (indicators for parental age, age of the youngest, age of the oldest child, andnumber of children in
the family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum
welfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, imple-
mentationof anywaiver or TANF). Regressions areweightedwithparental surveyweights dividedbynum-
ber of children per family. Standard errors in parentheses are clustered at the state level. The data is from
CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, **
p < 0.05, * p < 0.10.
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Table A.21:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Labor Supply of Parents with Non-White Children

Robustness to Simulated Eligibility Type

Maternal Labor Supply Paternal Labor Supply

(1) (2) (3) (4) (1) (2) (3) (4)

Usual Hours Worked perWeek
SIMT 0.66** 0.83*** 0.83*** 0.79*** 0.02 0.10 0.10 0.01

(0.26) (0.23) (0.23) (0.24) (0.24) (0.22) (0.22 (0.24)
Observations 511,813 511,813 511,813 511,813 355,534 355,534 355,534 355,534
AdjustedR2 0.06 0.06 0.06 0.06 0.03 0.03 0.03 0.03
Mean Y - Baseline 22.75 22.75 22.75 22.75 38.74 38.74 38.74 38.74
Mean Y - Overall 24.96 24.96 24.96 24.96 38.73 38.73 38.73 38.73

WeeksWorked per Year
SIMT 0.90*** 1.12*** 1.12*** 1.06*** 0.10 0.23 0.23 0.14

(0.31) (0.27) (0.27) (0.29) (0.32) (0.31) (0.31 (0.31)
Observations 511,813 511,813 511,813 511,813 355,534 355,534 355,534 355,534
AdjustedR2 0.09 0.09 0.09 0.09 0.04 0.04 0.04 0.04
Mean Y - Baseline 24.86 24.86 24.86 24.86 43.45 43.45 43.45 43.45
Mean Y - Overall 29.71 29.71 29.71 29.71 43.93 43.93 43.93 43.93

Labor Force Participation
SIMT 0.03*** 0.03*** 0.03*** 0.03*** 0.00 0.00 0.00 0.00

(0.01) (0.01) (0.01) (0.01) (0.00) (0.00) (0.00 (0.00)
Observations 491,785 491,785 491,785 491,785 334,394 334,394 334,394 334,394
AdjustedR2 0.07 0.07 0.07 0.07 0.04 0.04 0.04 0.04
Mean Y - Baseline 0.57 0.57 0.57 0.57 0.92 0.92 0.92 0.92
Mean Y - Overall 0.66 0.66 0.66 0.66 0.92 0.92 0.92 0.92

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eli-
gibility on parental labor supply (usual hours worked per week last year, weeks worked last year, and labor
force participation last week). Usual hours worked per week and weeks worked last year include zeros.
Column 1 reports estimates using simulated annual eligibility. Column 2 reports estimates using total
simulated fixed eligibility (CPI). Column 3 reports estimates using total simulated fixed eligibility (RCPI).
Column 4 reports estimates using total simulated fixed eligibility (WAGE). All regressions include child-
level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level
controls (indicators for parental age, age of the youngest, age of the oldest child, andnumber of children in
the family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted maximum
welfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, imple-
mentationof anywaiver or TANF). Regressions areweightedwithparental surveyweights dividedbynum-
ber of children per family. Standard errors in parentheses are clustered at the state level. The data is from
CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, **
p < 0.05, * p < 0.10.
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Table A.22:
Effect of Total Child Years of Simulated Eligibility on GeographicMobility

All White Non-White

Total Child Years of Simulated Eligibility up to Period t

SIMTCUM 0.01 0.00 0.01
(0.01) (0.01) (0.02)

Observations 7,165,465 4,991,673 2,173,792
AdjustedR2 0.06 0.05 0.07

Total Child Years of Simulated Eligibility up to Period t-1

SIMTCUN 0.01 0.00 0.01
(0.01) (0.01) (0.02)

Observations 7,165,138 4,991,673 2,173,465
AdjustedR2 0.05 0.05 0.07

Total Contemporaneous Simulated Eligibility

SIMTCON 0.04 0.02 0.10
(0.10) (0.10) (0.13)

Observations 7,156,103 4,987,829 2,168,274
AdjustedR2 0.06 0.05 0.07

Mean Y - Baseline 0.16 0.18 0.13
Mean Y - Overall 0.16 0.17 0.14

Notes: This table shows results from regressions estimating the effect of total child years of simulated eligibility
(SIMTCUM), total child years of simulated eligibility up to period t-1 (SIMTCUN), and total contemporaneous sim-
ulated eligibility (SIMTCON) on indicator equals to one if the child resides in a different state than birth state. All
regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year),
parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of chil-
dren in the family), and state-level controls (unemployment rate, minimumwage, inflation-adjusted maximumwel-
fare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, implementation of any
waiver or TANF). In models using the full sample all controls are interacted with a race indicator. Regressions are
weighted with parental survey weights divided by number of children per family. Standard errors in parentheses are
clustered at the state level. The data is from 5% census sample 1990 and 2000 and ACS 2010. The sample is restricted
to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.23:
Effect of Total Child Years of Simulated Eligibility on Parental Labor Supply

Robustness to Non-Weighted & Non-Balanced Simulated Eligibility

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Usual Hours Worked perWeek
SIMTCUM 0.09* -0.03 0.26*** 0.15*** 0.14*** 0.18***

( 0.05) ( 0.06) ( 0.06) ( 0.04) ( 0.04) ( 0.05)
Observations 5,837,237 4,029,464 1,807,773 4,879,639 3,629,847 1,249,792
AdjustedR2 0.03 0.03 0.03 0.05 0.02 0.02
Mean Y - Baseline 23.33 23.49 22.91 41.99 43.15 37.91
Mean Y - Overall 24.63 25.05 23.88 40.61 42.37 36.57

Labor Force Participation
SIMTCUM 0.003** 0.000 0.006*** 0.003*** 0.002*** 0.003***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Observations 5,837,237 4,029,464 1,807,773 4,879,639 3,629,847 1,249,792
AdjustedR2 0.02 0.02 0.02 0.04 0.02 0.04
Mean Y - Baseline 0.69 0.69 0.67 0.95 0.96 0.92
Mean Y - Overall 0.71 0.72 0.69 0.93 0.95 0.89

Notes: This table shows results from regressions estimating the effect of total child years of simulated eligibility on
parental labor supply (usual hours worked per week last year and labor force participation last week). Usual hours
worked per week last year include zeros. All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from 5% census sample 1990 and 2000 and
ACS 2010. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.24:
Effect of Total Child Years of Simulated Eligibility on Parental Labor Supply

Robustness to State of Residence Simulated Eligibility

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Usual Hours Worked perWeek
SIMTCUM 0.01 -0.14* 0.22*** 0.18*** 0.17*** 0.22***

( 0.05) ( 0.08) ( 0.06) ( 0.04) ( 0.04) ( 0.05)
Observations 6,946,198 4,852,391 2,093,807 5,819,311 4,359,586 1,459,725
AdjustedR2 0.02 0.02 0.03 0.05 0.02 0.02
Mean Y - Baseline 23.43 23.53 23.17 42.23 43.32 38.19
Mean Y - Overall 24.62 24.90 24.10 40.87 42.56 36.88

Labor Force Participation
SIMTCUM 0.001 -0.002 0.005*** 0.003*** 0.002*** 0.004***

(0.001) (0.002) (0.001) (0.001) (0.001) (0.001)
Observations 6,946,198 4,852,391 2,093,807 5,819,311 4,359,586 1,459,725
AdjustedR2 0.02 0.02 0.02 0.04 0.02 0.03
Mean Y - Baseline 0.69 0.69 0.67 0.95 0.96 0.92
Mean Y - Overall 0.71 0.72 0.69 0.93 0.95 0.89

Notes: This table shows results from regressions estimating the effect of total child years of simulated eligibility on
parental labor supply (usual hours worked per week last year and labor force participation last week). Usual hours
worked per week last year include zeros. All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from 5% census sample 1990 and 2000 and
ACS 2010. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A.25:
Effect of Total Child Years of Simulated Eligibility on Parental Labor Supply

Robustness to State of Birth Simulated Eligibility

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Usual Hours Worked perWeek
SIMTCUM 0.01 -0.14* 0.22*** 0.17*** 0.15*** 0.21***

( 0.05) ( 0.08) ( 0.06) ( 0.04) ( 0.04) ( 0.06)
Observations 6,946,219 4,852,391 2,093,828 5,819,326 4,359,586 1,459,740
AdjustedR2 0.02 0.02 0.03 0.05 0.02 0.02
Mean Y - Baseline 23.43 23.53 23.17 42.23 43.32 38.19
Mean Y - Overall 24.62 24.90 24.10 40.87 42.56 36.88

Labor Force Participation
SIMTCUM 0.001 -0.002 0.005*** 0.003*** 0.002*** 0.004***

(0.001) (0.002) (0.001) (0.001) (0.001) (0.001)
Observations 6,946,219 4,852,391 2,093,828 5,819,326 4,359,586 1,459,740
AdjustedR2 0.02 0.02 0.02 0.04 0.02 0.03
Mean Y - Baseline 0.69 0.69 0.67 0.95 0.96 0.92
Mean Y - Overall 0.71 0.72 0.69 0.93 0.95 0.89

Notes: This table shows results from regressions estimating the effect of total child years of simulated eligibility on
parental labor supply (usual hours worked per week last year and labor force participation last week). Usual hours
worked per week last year include zeros. All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from 5% census sample 1990 and 2000 and
ACS 2010. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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B Medicaid Eligibility

B.1 Medicaid Legislation

This sectiondescribes theunderlying legislative rulesused to calculateMedicaid eligi-
bility for children in theU.S. for the period 1979-2014. Medicaid eligibility is imputed us-
ing the calculator fromMiller andWherry (2019).44 Eligibility calculations canbebroadly
categorized into two groups - before and after the Personal Responsibility andWork Op-
portunityAct (PRWORA).TodetermineMedicaideligibilityof children, rulesunderAid to
FamilieswithDependentChildren (AFDC), state-optionalprograms (AFDC-Unemployed
Parents (AFDC-UP), Ribicoff children, Medically Needy), Medicaid “Section 1931”, State
Children’s Health Insurance Program (SCHIP), as well as federal and state Medicaid ex-
pansions are used.45 In general eligibility is imputed using applicable rules based on the
dateof eligibility determination, the child’s age, and the child’s birthday, family structure,
family income, and information on parental employment.

Eligibility Calculations before PRWORA (1979-1996)

Eligibility under AFDC

Historically, Medicaid eligibility was restricted to children in families receiving cash
welfare benefits. To determine eligibility under AFDC, it is assumed that the child care
dedication is not usedby eligible families and that theparent has spent onemonthwork-
ing. The first set of rules to assess whether the family is eligible for AFDC, are rules re-
garding family income and earned income disregards. Total family income is calculated
by summing all sources of income except public assistance or welfare of each parent.
To determine if any earned income disregards are applicable, months spent working are

44This section summarizes themost important steps todetermineMedicaideligibility. Seeappendix and
calculator documentation inMiller andWherry (2019) formore information about legislative information,
data sources andmethodology used to impute eligibility.

45Table B.1 shows themajor mandatory and state optional legislations that affectedMedicaid eligibility
of children during the analysis period.
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compared to number of months that disregards are allowed based on state rules. The
applicable disregards are then calculated by using state rules. In order to be financially
eligible for AFDC, the child’s family has to satisfy three tests. First, the family must be
eligible for a non-zero AFDC benefit amount based on state rules, monthly total fam-
ily income, and family size. Second, total family income less applicable disregards must
be below the state need’s standard. Third, total family income must not exceed a given
percentage of the state need’s standard. Special rules are implemented for Connecticut
and Minnesota. As a second set of rules, the family has to satisfy two family structure
requirements. First, eligibility under AFDC requires the child to reside in a single-parent
family. Second, the child has to be age 0-17 at date of eligibility determination and either
a primary or subfamilymember, but not a heador spouse of primary family or subfamily.

Eligibility under AFDC-UP

Prior to the federal mandate effective in October 1990, AFDC-UP - a state-optional
program-extendedeligibility tochildren in two-parent familieswhere theprimaryearner
was unemployed. To be classified as unemployed, the parent must work less than 100
hours permonth. A child is assumed to be eligible under AFDC-UP if AFDC-UPprogram
was effective in state and year, child’s family is financially eligible for AFDC, maximum
hours worked by any individual in the family do not exceed 1200 per year, and the child
resides in a family withmarried parents.

Eligibility underMedically Needy Program

Themedically needyprogramprovides states theoption to extendMedicaid eligibility
to individuals with highmedical expenses whose income exceeds themaximum income
eligibility threshold, butwho satisfy all other eligibility criteria forMedicaid. Income lim-
its could be set no higher than 133% of the state’s needs standard for AFDC. However
families could use the medical expenditures to reduce the applicable income through
spent-down provisions. Since there is no information aboutmedical expenditures in the
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CPS, the eligibility limits are set to theMedically Needy levels in states with this program
as an approximation. A child is eligible under themedically needyprogram if the family’s
income except public assistance or welfare is below the applicable eligibility thresholds.

Eligibility under the Ribicoff Children Program

Under the Ribicoff Children Program, states are allowed to cover children who would
qualify for cashwelfareprogramgiven incomecriteriaalonebutwhodonotqualifybased
on family structure. Hence a child is eligible for Medicaid under the Ribicoff Children
Program if the Ribicoff Children Program is present in state and year, child’s family is in-
come eligible for AFDC, and the child lives in a family withmarried parents. In addition,
the child is eligible under the Ribicoff Children Program if federally-mandated expan-
sions of RibicoffChildren Program are applicable (Deficit Reduction Act, 1984; Omnibus
Budget Reconciliation Act, 1987).

Poverty-related Eligibility

Beginning in 1984 states were required or given the option to expand Medicaid eligi-
bility for children living in families with incomes below the eligibility limit. To impute
eligibility under federal and state expansions child care deduction is assumed to be zero.
All sources of income except public assistance or welfare of each parent are summed up
to calculated the total family income. A child is eligible for Medicaid if the total family
income minus the work expense deduction used in the net income calculations under
AFDC is less than the applicable federal or state eligibility level in the given state, year,
and age.

Eligibility Calculations after PRWORA (1997-2014)

Eligibility underMedicaid “Section 1931”

Medicaid “Section 1931” requires states to provide Medicaid coverage to children in
families who meet eligibility requirements under AFDC and AFDC-UP effective on July

91



16, 1996 in the state of residence. To impute eligibility under “Section 1931”, it is assumed
that child care deduction is not used by eligible families and that the parent has spent
onemonthworking. Eligibility of a child is then determined using the eligibility rules for
AFDC programs in effect for the state in July 1996. The procedure to calculate eligibility
underAFDCandAFDC-UP is explainedabove. This calculatordoesnot incorporate state
optional “Section 1931” rules underwhich states have the option to set income and asset
standards differently from those in effect under state AFDC program on July 16, 1996.
Since eligibility requirements are presumably less restrictive under all other eligibility
pathways after the welfare reform, omitting optional “Section 1931” eligibility will not
bias the eligibility estimates.

Eligibility under Separate State Programs under SCHIP

BalancedBudget Act of 1997 allowed states to create separate state programs. Eligibil-
ity under separate state programs is imputed assuming that child care deductions and
child support income are zero. To obtain the total family income all sources of income
except public assistance or welfare of each parent are summed up. A child is eligible if
the total family income minus the state- and SCHIP-specific work expense deduction
per worker is less than SCHIP eligibility limit in the given state, year, and age.
Poverty-related and TargetedMedicaid Eligibility

AfterPRWORAtwodifferentpathwayscandetermineeligibilityunderexpansion-related
rules. Thepoverty-relatedpathway is definedbya series of federal and stateMedicaid ex-
pansions which extended eligibility for certain ages and income levels. The second path
is given by targetedMedicaid expansions embedded in the Balanced Budget Act of 1997
which allow states to expand the stateMedicaid programs. Technically, different income
disregards are applied for the twopathways. However the calculator uses poverty-related
disregards for both pathways. To impute eligibility, child care deductions and child sup-
port income are assumed to be zero. Total family income is calculated by summing all
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sources of income except public assistance or welfare of each parent. If the total family
incomeminus the state- andMedicaid-specific work expense deduction per worker are
less than the corresponding cutoffs in a given state, year and age, the child is assumed to
be eligible.

B.2 Eligibility Imputation

This section explains howMedicaid eligibility is imputed based on variables available
in CPS ASEC. To impute Medicaid eligibility, I use a calculator that incorporates state
and federal legislation based on rules for a given year, state of residence, age of the child,
and family characteristics including family incomeand family structure.46 Achild is con-
sidered eligible for public health insurance if the child’s family meets eligibility require-
ments for AFDC, one of the state-optional programs (AFDC-UP, Ribicoff children pro-
gram, Medicaid’s medically needy program), or federal and state-optional Medicaid ex-
pansions.

In survey year t, CPSASECprovides information about income fromcalendar year t-1,
family structure as of March of calendar year t, and age of the child as of March of calen-
dar year t. Hence, to calculate eligibility in calendar year t, I use data on income from
calendar year t, family structure from calendar year t+1, and adjust the age of the child
accordingly. Depending on the birth month and calendar month of eligibility determi-
nation, some children are treated as if they were the same age and others are treated as
if they were a year younger during the previous calendar year.47 Child’s age a is there-
fore defined as age at calendar month of eligibility determination. I construct twoMed-
icaid eligibility measures - contemporaneous to outcome variables measured as of pre-
vious calendar year (“last year eligibility”) and contemporaneous to outcome variables
measured as of interview month (“last week eligibility”). To obtain Medicaid eligibility

46I use a calculator fromMiller andWherry (2019). The calculator allows to impute eligibility for children
age 0-18 for years 1979-2014.

47I randomly assign birth month because eligibility is imputed using the calendar month of eligibility
determination and CPS does not provide the birthmonth of an individual.
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contemporaneous to outcome variables measured as of previous calendar year (e.g., in-
surance coverage, usual hours worked, weeks worked), I calculate eligibility during each
month of the given year and use the average eligibility across all months in that year.
Medicaid eligibility contemporaneous to outcome variables measured as of survey date
(e.g., marital status, educational attainment) or last week (e.g., labor force participation)
is obtained by calculating eligibility duringMarch of the given year.

Toobtain the correct family structure andmeasureof total family incomeaccording to
rules determining Medicaid eligibility, I construct nuclear families within a household.
A family unit is defined as a parent, spouse if present, and children. First spouses within
a household are linked and then parents are linked to their children within a household.
I obtain family income by combining parental income within the nuclear family. To de-
termine eligibility of a child in calendar year t, I follow the legislative rules to calculate
Medicaid eligibility and first divide family income (except applicable disregards) by the
corresponding poverty guideline for the family size of the nuclear family, state s, and cal-
endar year t.48 I then compare this ratio to the eligibility limit for a child of agea, in state s,
and calendar year t. Since the eligibility cutoffs depend on the age of the child, the num-
ber of children in the family that are eligible for Medicaid may vary for families with the
same income and number of children, but with children of different ages.

To check how well the calculator estimates eligibility of children, I examine the per-
centage of non-eligible children reportingMedicaid coverage or living in families receiv-
ingwelfare payments since these children should be eligible forMedicaid. For the period
1979-2014, 3.78%of children imputed tobenot eligible, report coveragebyMedicaid and
0.56%of children live in familieswhere aparent reports receiving cashbenefits under the
AFDC program, although these children are not eligible for Medicaid based on the cal-
culator.

48Poverty guidelines depend on family size, year, and state of residence. All states except Alaska and
Hawaii share the same poverty guidelines.
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B.3 Classic Simulated Eligibility Measure

The simulated eligibility is constructed by using all children of each age in each cal-
endar year across the full sample period. Using this national data set, I construct simu-
lated eligibilitymeasureswhich vary at the state, calendar year, age, and race-ethnicity of
the child level.49 Following Ham and Shore-Sheppard (2005b), the simulated eligibility
is obtained by using all children in the national data set except from the state for which
the simulated eligibility is calculated. Each state-year-age-race-ethnicity simulated eli-
gibilitymeasure is hence the fraction of children in the national data set in state s except
children from state s, calendar year t whenoutcomeof interest ismeasured, of age a, and
race-ethnicity r whowould be eligible forMedicaid given the rules in each state s, calen-
dar year t, and age a. Formally, the simulated eligibility for a given state, calendar year,
age, and race-ethnicity of the child is given by the following equation:

SIMstar =

ks̃∑
i=1

wis̃tar · eis̃tar
ks̃∑
i=1

wis̃tar

(2)

where ks̃ is the number of children in the national data set excluding children from state
s, of age a, race-ethnicity r, and in calendar year t. eis̃tar and wis̃tar are individual-level
eligibility and CPS ASEC weight of child i, not residing in state s, in calendar year t, of
age a, and race-ethnicity r. Each child-specific simulated eligibility measure (last year
and last week simulated eligibility) is thenmerged to each child based on child’s state of
residence, calendar year when outcome of interest is measured, age, and race-ethnicity
of the child.

49Race groups are defined as white non-Hispanic and non-white Hispanic. For simplicity I refer to race-
ethnicity groups as white and non-whites.
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B.4 Family-level Simulated Eligibility Measure

To construct family’s total simulated eligibility (last year and lastweek), I sum the sim-
ulated eligibility fractions SIMstar (last year and last week, respectively) across all chil-
dren in a family.50 To facilitate notation, I define a parent type by the number of children
of any age between 0 and 18 of that parent - j := (nj0 , ..., nj18)where nja is the number of
children of age a of parent j.51 Formally, the total simulated eligibility of a parent type j,
state s, calendar year t, and race-ethnicity group r is given by the following equation:

SIMTjstr = SIMT(nj0 ,...,nj18)str
=

18∑
a=0

SIMstar ∗ nja (3)

where SIMstar is the simulated eligibility measure defined in equation 2 and nja is the
number of children of age a of parent j. Hence the level of variation of total simulated el-
igibilitywithinagiven state, year, race-ethnicity group, andnumberof children is thedis-
tribution of possible combinations of child’s ages. In general, parents in the same state,
year, race-ethnicity group, and of the same type (same number of children and same age
of each child) are characterized by the same total simulate eligibility measure.

B.5 Long-Run Simulated Eligibility Measure

I construct the long-run simulated eligibility measure by first calculating the average
total simulatedeligibility in each state, year, age, and race-ethnicityusingCPSASEC. Sec-
ond, I create the total child-years of simulated eligibility by summing the average total
simulated eligibility at each age frombirth to the current age of the child for a given birth
cohort, age, state, and race-ethnicity group. To account for different number of children
at each age that contribute to the average total simulated eligibility, the sum is created

50Consider for example a family with two children age 3 and 5. The child-specific simulated eligibility
measure of the first and second child is 0.5 and 0.6 respectively. The family’s total simulated eligibility is
hence 1.1.

51Take for instance a parent with two one-year old, one three-year old, and two five-year old children.
The parent type is hence given by the vector (0,2,0,1,0,2,0,...,0).
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using relative weights for a given age. The relative weight is obtained by dividing the
sum of children’s CPS ASEC weights for a given age by the average of the sum of chil-
dren’s CPS ASEC weights across all ages up to the current age of the child. The weight-
ing scheme aims to recover equal distribution of number of children at each year during
childhood and allow the long-run eligibility measure to be representative of the average
child. Moreover, since the Medicaid calculator starts in 1979 and the first calendar year
in DCS begins in 1990, the main analysis uses a balanced long-run eligibility measure
from birth to the eleventh birthday. Finally, the total child-years of simulated eligibility
experienced by a parent aremerged to the child observed inDCS andACSbased onbirth
year, age, state, and race-ethnicity.52

Consider for instance a white three-year old child observed in 2000 born and residing
in Alabama. In addition, assume that the sum of CPS ASEC weights of zero-, one-, two-,
and three-year old children in Alabama in 1997, 1998, 1999, and 2000 is 40, 30, 20, and
10 respectively. First, I calculate the average total simulated eligibility of zero-year old
white children in 1997 in Alabama, one-year oldwhite children in 1998 in Alabama, two-
year old white children in 1999 in Alabama, and three-year old white children in 2000 in
Alabama. Then, I sum the four average total simulated eligibility measures between age
zeroandage threeusing relativeweights (4025 , 3025 , 2025 , and 10

25 for agezero, one, two, and three
respectively) andmerge the total child-years of simulated eligibility to the three-year old
white child observed in 2000 from Alabama.

52Since the long-run eligibility measure captures the average exposure to Medicaid during childhood,
I need to control for the number of children a child is exposed to during childhood on average. The total
child-years of number of children during childhood is constructed in the exact sameway as the total child-
years of simulated eligibility except using average number of children per family and not total simulated
eligibility in each state, year, age, and race-ethnicity.
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Table B.1:
Medicaid and CHIP Legislation Expanding Eligibility of Children 1979-2014

Year Legislation Mandatory Expansion State Option

1984 Deficit Reduction Act Coverage of children under age 5 born after Septem-
ber 30, 1983whose families are income and resource
eligible for AFDC

1986 Omnibus Budget Reconciliation Act Increase age level by 1 year each FY for all children
under age 5 with incomes below 100% FPL. Infants
in families with incomes below 100% FPL

1987 Omnibus Budget Reconciliation Act Coverage of children under age 7 born after Septem-
ber 30, 1983whose families are income and resource
eligible for AFDC

Coverage of infants in families with incomes below
185% FPL and children under age 2, 3, 4, or 5 and
born after September 30, 1983 in families with in-
comes below 100% FPL. Coverage of children under
age 8 born after September 30, 1983 whose families
are income and resource eligible for AFDC and chil-
dren under age 8 born after September 30, 1983 with
incomes below 100% FPL.

1988 Medicare Catastrophic Coverage Act Coverage of infants in families with incomes below
75% FPL (1-Jul-89) and infants in families with in-
comes below 100% FPL (1-Jul-90)

Coverage of children up to eight years of age with
family incomes below 75% FPL

1988 Family Support Act of 1988 Extension to twelve months transitional Medicaid
coverage to families leaving AFDC rolls due to earn-
ings fromwork. Coverageof two-parentunemployed
families meeting state AFDC income and resource
standards.

1989 Omnibus Budget Reconciliation Act Coverage of children under age 6 with family in-
comes below 133% FPL

1990 Omnibus Budget Reconciliation Act Coverageof childrenunderage19bornafterSeptem-
ber 30, 1983 with incomes below 100% FPL.

1996 Personal Responsibility andWork Opportunity Act Coverage of families meeting AFDC eligibility stan-
dards as of July 16, 1996 (“Section 1931”)

Coverage of higher-income families.

1997 Balanced Budget Act Coverageof childrenunder age 19 in familieswith in-
comes below 200% FPL or higher

Notes: Buchmueller et al. (2016) andMiller andWherry (2019)
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C Paternal LaborMarket Outcomes
This section elaborates two potential explanations for the disproportionately large

earnings effects of white fathers. First, the race-ethnicity-specific simulated eligibility
may be correlatedwith unobservable characteristics that affect earnings of high-income
white men. Second, men may be pushed into higher earnings occupations or working
schedules as a result of children’s access toMedicaid.

To explore the first point, I create an eligibility measure that aims at capturing differ-
ential eligibility across the earnings distribution. This eligibility measure is at the state,
year, age, race-ethnicity, andparental education group level since education is positively
correlatedwith income and childrenwith parents in high-education group are less likely
to be eligible.53 Education groups are defined as high school and below or some college
and above. Figure C.3 (C.4) shows the distribution of different simulated eligibility mea-
sures and actual eligibility acrossmaternal (paternal) earnings.54 As expected, the actual
eligibility is decreasing to almost zero at earnings above the maximum eligibility level.
The race-ethnicity-specific simulated eligibility, however, stays fairly constant across the
distribution of parental earnings because a child from a low-income family and a child
from a high-income family in the same state, year, age, and race-ethnicity group will
be by definition assigned the same eligibility measure. The small increase in the race-
ethnicity-specific simulated eligibility at higher levels of earnings is due to the higher
share of high-income families andmore generousMedicaid eligibility in later part of the
analysis period. The education-specific simulated eligibility is lower than race-ethnicity-
specific simulated eligibility, but does not trace the actual eligibility well at higher earn-
ings implying thatparental educationdoesnotperfectly capturehigh- and low-eligibility
groups. To show that education isnot a goodpredictor of eligibility, I create analternative

53Since parental educational attainment could respond to children’sMedicaid, using educationmay re-
sult in an endogenous eligibility measure. I discuss this point inmore detail in section 5.5.2.

54I show the average eligibility to account for different number of children between low- and high-
income families which would affect the total eligibility measures.
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eligibility measure that assigns different simulated eligibility to children with parental
earnings relative to federal poverty guidelines above and below themaximum eligibility
limit across all states and years. The income-specific simulated eligibilitymeasure at the
state, year, age, race-ethnicity, and income group level supports this argument since it
converges to actual eligibility around themaximum eligibility limit.55 I refrain, however,
from using the income-specific simulated eligibility for the analysis since an eligibility
measure that incorporates a form of income is endogenous.

The estimated effects of education-specific eligibilitymeasure (bottom panel of table
C.1) show that the elasticity of the point estimate for earnings of whitemen is 59% lower
than the elasticity of the point estimate from themodel using the race-ethnicity-specific
eligibility measure emphasizing the importance to correctly capture the simulated eli-
gibility of high earners. Shown in figure C.6, the earnings of white fathers still respond
to education-specific simulated eligibility in area outside of maximum eligibility limit
consistent with education-specific eligibility measure not being a good predictor for eli-
gibility of high-income individuals.56

Anotherpotential explanation for thedisproportionately largeearningseffectsofwhite
men is a switch to better paying jobs or working schedules. More descriptively, I show
that fathers with white children are two percentage points more likely to work in man-
agerial and professional occupations as a response to expanding Medicaid eligibility.57

This is equivalent to 6.1% relative to baseline mean. At the same time, extended eligi-
bility results in reduced probability (4.8%-8.7%) of fathers with white children working

55For women the income-specific simulated eligibility measures do not reflect the actual eligibility
across the earnings distribution because earnings ofmothers relative to federal poverty guidelines almost
never exceed the maximum Medicaid eligibility limit which represents the 97th percentile of maternal
earnings (see figure C.1).

56Shown in table C.2 the effects of education-specific simulated eligibility on usual hours worked per
week, weeksworkedper year, and labor force participation are very similar to estimates frommodels using
race-ethnicity-specific simulated eligibility.

57To estimate the effect of simulated eligibility on parental occupational choice (see table C.4), the sam-
ple has to be restricted to parents in the labor force resulting in a selected sample. Hence the estimates
should be viewed as descriptive. Appendix D provides a detailed description of occupational classifica-
tion.
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inmanual occupations (farming, forestry, fishing; precision, craft, repair; operators, fab-
ricators, laborers). Shown in table C.3, the occupational choice of white men translates
into3.4%and6.3%higherprobabilityof choosingoccupationswithwagesabove the50th
and 75th percentile, respectively. The transition frompart-time to full-time employment
(see table C.6) could also explain the relatively larger earnings effects because themajor-
ity of full-time workers earnmore per hour than part-time workers.58

58The full-time wage premium has been well documented in the literature for male and female work-
ers across various demographic groups. See for example Brinkley (1994); Lettau (1997); Lettau and Buch-
mueller (1999); Aaronson and French (2004); Hirsch (2005); Pongrace and Zilberman (2009); Borowczyk-
Martins and Lalé (2017); Nightingale (2019).
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Figure C.1:
Distribution of Maternal Annual Earnings ($2020)

(a) Mothers withWhite Children
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(b) Mothers with Non-White Children
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Notes: These figures show the truncated distribution of annual earnings ($2020) last year excluding zeros of mothers with (a) white and (b) non-white
children.. The first, second, and third dashed vertical line represent average minimum, median, and maximum Medicaid eligibility limits during the
analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64.
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Figure C.2:
Distribution of Paternal Annual Earnings ($2020)

(a) Fathers withWhite Children
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(b) Fathers with Non-White Children
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Notes: Thesefigures show the truncateddistributionof paternal annual earnings ($2020) last year excluding zeros of fatherswith (a)white and (b) non-white
children. The first, second, and third dashed vertical line represent average minimum, median, and maximum Medicaid eligibility limits during the
analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64.
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Figure C.3:
Average Eligibility Measures across the Distribution of Maternal Annual Earnings ($2020)

(a) Mothers withWhite Children
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(b) Mothers with Non-White Children
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Notes: These figures show average eligibility measures across the truncated distribution of annual earnings ($2020) last year excluding zeros of mothers
with (a) white and (b) non-white children. The first, second, and third dashed vertical line represent average minimum, median, and maximumMedicaid
eligibility limits during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents
age 20-64.
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Figure C.4:
Average Eligibility Measures across the Distribution of Paternal Annual Earnings ($2020)

(a) Fathers withWhite Children
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(b) Fathers with Non-White Children
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Notes: These figures show average eligibility measures across the truncated distribution of annual earnings ($2020) last year excluding zeros of fathers
with (a) white and (b) non-white children. The first, second, and third dashed vertical line represent average minimum, median, and maximumMedicaid
eligibility limits during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents
age 20-64.
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Figure C.5:
Effect of Education-Specific Total Simulated Eligibility onMaternal Annual Earnings ($2020)

(a) Mothers withWhite Children
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(b) Mothers with Non-White Children
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Notes: These figures show the coefficients and 95% confidence intervals from regressions estimating the effect of education-specific total simulated eligi-
bility on annual earnings ($2020) last year of mothers with (a) white and (b) non-white children. Each point estimate and confidence interval is obtained
from a different regression where the dependent variable is an indicator equals to one if maternal annual earnings ($2020) were at least as great as X
(0,5000,...,150000) last year. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year),
parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level
controls (unemployment rate, minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types
of welfare waivers, implementation of any waiver or TANF). Regressions are weighted with parental survey weights divided by number of children per
family. Standard errors are clustered at the state level. The first, second, and third dashed vertical line represent averageminimum,median, andmaximum
Medicaid eligibility limits during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with
parents age 20-64.
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Figure C.6:
Effect of Education-Specific Total Simulated Eligibility on Paternal Annual Earnings ($2020)

(a) Fathers withWhite Children
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(b) Fathers with Non-White Children
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Notes: These figures show the coefficients and 95%confidence intervals from regressions estimating the effect of education-specific total simulated eligibil-
ity on annual earnings ($2020) last year of fathers with (a) white and (b) non-white children. Each point estimate and confidence interval is obtained from
a different regression where the dependent variable is an indicator equals to one if paternal annual earnings ($2020) were greater as X (0,5000,...,150000)
last year. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls
(indicators for parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment
rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers,
implementation of any waiver or TANF). Regressions are weighted with parental survey weights divided by number of children per family. Standard errors
are clustered at the state level. The first, second, and third dashed vertical line represent average minimum, median, and maximum Medicaid eligibility
limits during the analysis period, respectively. The data is from CPS ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64.
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Table C.1:
Effect of Total Simulated Eligibility on Parental Annual Earnings

Maternal Annual Earnings Paternal Annual Earnings

All White Non-White All White Non-White

Race-Ethnicity-Specific Simulated Eligibility

Annual Total Earnings ($2020)
SIMT -269 -294 -236 5,951*** 10,318*** -1,950*

( 435) ( 554) ( 566) ( 1,340) ( 1,642) ( 974)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.08 0.08 0.07 0.10 0.08 0.05
Mean Y - Baseline 14,826 14,674 15,279 62,535 66,614 46,665
Mean Y - Overall 24,306 25,932 21,485 65,210 72,342 49,282

Annual Wage Earnings ($2020)
SIMT -377 -472 -253 5,975*** 10,413*** -2,055**

( 389) ( 496) ( 557) ( 1,376) ( 1,727) ( 939)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.07 0.07 0.06 0.08 0.07 0.05
Mean Y - Baseline 14,315 14,080 15,015 56,118 59,350 43,539
Mean Y - Overall 23,345 24,783 20,849 60,352 66,660 46,265

Education-Specific Simulated Eligibility

Annual Total Earnings ($2020)
SIMT 446** 221 748** 3,920*** 6,458*** 450

( 203) ( 327) ( 303) ( 757) ( 964) ( 430)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.12 0.11 0.14 0.16 0.14 0.14
Mean Y - Baseline 14,826 14,674 15,279 62,535 66,614 46,665
Mean Y - Overall 24,306 25,932 21,485 65,210 72,342 49,282

Annual Wage Earnings ($2020)
SIMT 335* 48 719** 3,773*** 6,375*** 215

( 178) ( 299) ( 297) ( 798) ( 1,057) ( 458)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.12 0.11 0.14 0.15 0.13 0.13
Mean Y - Baseline 14,315 14,080 15,015 56,118 59,350 43,539
Mean Y - Overall 23,345 24,783 20,849 60,352 66,660 46,265

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
parental annual total earnings ($2020) last year. All regressions include child-level controls (indicators for sex, race
and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the
youngest, age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,
minimumwage, inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six
types of welfare waivers, implementation of any waiver or TANF). The controls in models using full sample and race-
specific or education-specific simulated eligibility are interacted with race or race and high school or less indicator.
Regressions are weighted with parental survey weights divided by number of children per family. Standard errors in
parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to children
age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table C.2:
Effect of Education-Specific Total Simulated Eligibility on Parental Labor Supply

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Usual Hours Worked perWeek
SIMT 0.36** 0.15 0.65*** 0.49*** 0.60*** 0.34*

(0.14) (0.20) (0.20) (0.13) (0.16) (0.19)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.09 0.09 0.10 0.06 0.04 0.05
Mean Y - Baseline 21.89 21.61 22.75 42.07 42.93 38.74
Mean Y - Overall 25.56 25.91 24.96 41.63 42.93 38.73

WeeksWorked per Year
SIMT 0.41*** 0.12 0.81*** 0.59*** 0.64*** 0.52**

(0.13) (0.20) (0.25) (0.17) (0.18) (0.26)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.11 0.10 0.12 0.06 0.05 0.05
Mean Y - Baseline 25.41 25.60 24.86 46.53 47.32 43.45
Mean Y - Overall 31.44 32.43 29.71 46.08 47.04 43.93

Labor Force Participation
SIMT 0.01*** 0.01 0.02*** 0.01*** 0.01** 0.01**

(0.00) (0.00) (0.01) (0.00) (0.00) (0.00)
Observations 1,374,344 863,041 511,303 1,093,792 745,655 348,137
AdjustedR2 0.09 0.09 0.09 0.05 0.04 0.05
Mean Y - Baseline 0.57 0.57 0.57 0.96 0.97 0.92
Mean Y - Overall 0.68 0.69 0.66 0.94 0.95 0.92

Notes: This table shows results from regressions estimating the effect of education-specific total simulated eligibility
on parental labor supply (usual hours worked per week last year, weeks worked last year, usual hours worked last
year, and labor force participation last week). Usual hours worked per week, weeks worked last year, and usual hours
worked last year include zeros. All regressions include child-level controls (indicators for sex, race and ethnicity, age,
state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the
oldest child, and number of children in the family), and state-level controls (unemployment rate, minimum wage,
inflation-adjustedmaximumwelfare benefit for a family of 4, state-level EITC, implementation of six types of welfare
waivers, implementation of anywaiver or TANF). Inmodels using the full sample all controls are interactedwith a race
indicator. Regressions are weighted with parental survey weights divided by number of children per family. Standard
errors in parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to
children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table C.3:
Effect of Race-Ethnicity-Specific Total Simulated Eligibili−
ty on Parental Occupational Choice byWage Distribution

Maternal Occupation Paternal Occupation

All White Non-White All White Non-White

Occupation withWages about 25th Percentile
SIMT 0.011** 0.009 0.015** -0.002 0.007 -0.018***

(0.004) (0.006) (0.006) (0.005) (0.006) (0.006)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.078 0.062 0.050 0.066 0.031 0.032
Mean Y - Baseline 0.361 0.386 0.285 0.786 0.819 0.657
Mean Y - Overall 0.449 0.505 0.353 0.766 0.820 0.646

Occupation withWages about 50th Percentile
SIMT -0.002 -0.001 -0.004 -0.001 0.016** -0.033***

(0.005) (0.006) (0.006) (0.005) (0.007) (0.006)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.076 0.066 0.049 0.085 0.049 0.044
Mean Y - Baseline 0.157 0.174 0.106 0.534 0.583 0.344
Mean Y - Overall 0.269 0.311 0.196 0.506 0.573 0.356

Occupation withWages about 75th Percentile
SIMT -0.004 0.003 -0.012** 0.007* 0.022*** -0.021***

(0.003) (0.004) (0.005) (0.004) (0.006) (0.006)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.045 0.039 0.036 0.070 0.052 0.049
Mean Y - Baseline 0.077 0.085 0.052 0.283 0.316 0.158
Mean Y - Overall 0.139 0.161 0.099 0.289 0.333 0.192

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on
the probability of parents reporting being last year in a one-digit occupation with average wage above 25, 50, and 75
percentile. All regressions include child-level controls (indicators for sex, race and ethnicity, age, state of residence,
calendar year), parental-level controls (indicators for parental age, age of the youngest, age of the oldest child, and
number of children in the family), and state-level controls (unemployment rate, minimum wage, inflation-adjusted
maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of welfare waivers, imple-
mentation of any waiver or TANF). In models using the full sample all controls are interacted with a race indicator.
Regressions are weighted with parental survey weights divided by number of children per family. Standard errors in
parentheses are clustered at the state level. The data is fromCPS ASEC 1980-2015. The sample is restricted to children
age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table C.4:
Effect of Race-Ethnicity-Specific Total Simula−
ted Eligibility on Parental Occupational Choice

Maternal Occupations Paternal Occupations

All White Non-White All White Non-White

Managerial, Professional
SIMT 0.010* 0.021*** -0.007 0.004 0.019*** -0.024***

(0.005) (0.007) (0.009) (0.005) (0.005) (0.007)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.093 0.088 0.061 0.082 0.067 0.061
Mean Y - Baseline 0.202 0.223 0.138 0.296 0.327 0.167
Mean Y - Overall 0.301 0.341 0.226 0.299 0.339 0.206

Technical, Sales, Administrative
SIMT 0.014** 0.001 0.035*** 0.004 0.004 0.005

(0.006) (0.007) (0.009) (0.003) (0.004) (0.005)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.020 0.017 0.021 0.006 0.005 0.007
Mean Y - Baseline 0.430 0.456 0.351 0.134 0.141 0.107
Mean Y - Overall 0.389 0.405 0.360 0.175 0.183 0.155

Farming, Forestry, Fishing
SIMT -0.003** -0.004*** -0.001 -0.012*** -0.017*** -0.004

(0.001) (0.001) (0.002) (0.003) (0.004) (0.005)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.002 0.002 0.003 0.019 0.020 0.015
Mean Y - Baseline 0.016 0.014 0.020 0.231 0.233 0.225
Mean Y - Overall 0.020 0.018 0.023 0.211 0.216 0.200

continued on next page

111



Table C.5:
Effect of Race-Ethnicity-Specific Total Simulated Eli−
gibility on Parental Occupational Choice (continued)

Maternal Occupations Paternal Occupations

All White Non-White All White Non-White

Service
SIMT -0.014*** -0.013* -0.017** 0.008*** 0.004** 0.016***

(0.005) (0.007) (0.008) (0.002) (0.002) (0.005)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.039 0.032 0.017 0.026 0.008 0.012
Mean Y - Baseline 0.198 0.175 0.269 0.067 0.056 0.113
Mean Y - Overall 0.200 0.166 0.265 0.096 0.072 0.154

Precision Production, Craft, Repair
SIMT -0.003** -0.004*** -0.001 -0.012*** -0.017*** -0.004

(0.001) (0.001) (0.002) (0.003) (0.004) (0.005)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.002 0.002 0.003 0.019 0.020 0.015
Mean Y - Baseline 0.016 0.014 0.020 0.231 0.233 0.225
Mean Y - Overall 0.020 0.018 0.023 0.211 0.216 0.200

Operators, Fabricators, Laborers
SIMT -0.006 -0.004 -0.008 -0.001 -0.008* 0.011

(0.004) (0.003) (0.007) (0.004) (0.004) (0.007)
Observations 950,688 623,757 326,931 1,038,667 717,856 320,811
AdjustedR2 0.042 0.031 0.037 0.045 0.039 0.026
Mean Y - Baseline 0.138 0.116 0.205 0.237 0.209 0.351
Mean Y - Overall 0.081 0.063 0.115 0.194 0.167 0.257

Notes: This table shows results from regressions estimating the effect of race-specific total simulated eligibility on the
probability of parents reporting being in a one-digit occupation last year. All regressions include child-level controls
(indicators for sex, race and ethnicity, age, state of residence, calendar year), parental-level controls (indicators for
parental age, age of the youngest, age of the oldest child, and number of children in the family), and state-level con-
trols (unemployment rate, minimum wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level
EITC, implementation of six types of welfarewaivers, implementation of anywaiver or TANF). Inmodels using the full
sample all controls are interactedwith a race indicator. Regressions areweightedwith parental surveyweights divided
by number of children per family. Standard errors in parentheses are clustered at the state level. The data is fromCPS
ASEC 1980-2015. The sample is restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p <
0.10.
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Table C.6:
Effect of Race-Ethnicity-Specific Total Simulated Eli−
gibility on Parental Usual Hours Worked perWeek

Maternal Labor Supply Paternal Labor Supply

All White Non-White All White Non-White

Positive Hours
SIMT 0.004 -0.004 0.015** 0.005* 0.008** 0.000

(0.004) (0.005) (0.007) (0.003) (0.003) (0.005)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.06 0.06 0.06 0.03 0.02 0.03
Mean Y - Baseline 0.65 0.65 0.62 0.94 0.95 0.91
Mean Y - Overall 0.72 0.74 0.67 0.94 0.95 0.91

Part-Time Employment
SIMT -0.003 -0.002 -0.005 -0.001 -0.004** 0.002

(0.004) (0.005) (0.004) (0.002) (0.002) (0.003)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.03 0.02 0.01 0.01 0.01 0.01
Mean Y - Baseline 0.21 0.24 0.13 0.02 0.02 0.03
Mean Y - Overall 0.20 0.24 0.15 0.04 0.03 0.05

Full-Time Employment
SIMT 0.007 -0.003 0.021*** 0.007* 0.012*** -0.002

(0.005) (0.008) (0.006) (0.004) (0.004) (0.006)
Observations 1,375,551 863,738 511,813 1,117,645 762,111 355,534
AdjustedR2 0.06 0.07 0.05 0.03 0.02 0.03
Mean Y - Baseline 0.43 0.41 0.49 0.92 0.93 0.88
Mean Y - Overall 0.51 0.50 0.53 0.90 0.92 0.86

Notes: This table shows results fromregressions estimating theeffectof race-specific total simulatedeligibility on like-
lihood of parents working any hours last year, working part time last year (>0 and<35 hours per week), and working
full time last year (≥ 35 hours per week). All regressions include child-level controls (indicators for sex, race and eth-
nicity, age, state of residence, calendar year), parental-level controls (indicators for parental age, age of the youngest,
age of the oldest child, and number of children in the family), and state-level controls (unemployment rate,minimum
wage, inflation-adjusted maximum welfare benefit for a family of 4, state-level EITC, implementation of six types of
welfare waivers, implementation of any waiver or TANF). In models using the full sample all controls are interacted
with a race indicator. Regressions areweightedwith parental surveyweights dividedbynumber of childrenper family.
Standard errors in parentheses are clustered at the state level. The data is from CPS ASEC 1980-2015. The sample is
restricted to children age 0-18 with parents age 20-64. *** p < 0.01, ** p < 0.05, * p < 0.10.
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D Occupation Classification
This section describes the occupational coding scheme. Following Lehn et al. (forth-

coming), I use amodified version of the 1990 Census Bureau occupational classification
created by Autor and Dorn (2013). This coding scheme offers a consistent and balanced
panelofoccupations. Thecategoriesofone-, two-and three-digit occupationsare shown
in table D.1.
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Table D.1:
Occupational Classification

One-Digit Occupation Two-Digit Occupation Occupational Codes

Managerial and Professional Specialty Occupations
Executive, Administrative, andManagerial Occupations 3-22

Management Related Occupations 23-37
Professional Specialty Occupations 43-199

Technical, Sales and Administrative Support Occupations
Technicians and Related Support Occupations 203-235

Sales Occupations 243-283
Administrative Support Occupations 303-389

Service Occupations
Private Household Occupations 405-408
Protective Service Occupations 415-427
Other Service Occupations 433-472

Farming, Forestry and Fishing Occupations FarmOperators andManagers 473-475
Other Agricultural and Related Occupations 479-498

Precision Production, Craft and Repair Occupations
Mechanics and Repairers 503-549
Construction Trades 558-599

Extractive Occupations 614-617
Precision Production Occupations 628-699

Operators, Fabricators and Laborers Machine Operators, Assemblers, and Inspectors 703-799
Transportation andMaterial Moving Occupations 803-889
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