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This dissertation contains three chapters, two which focus on health insur-

ance and one focusing on migration. The first chapter examines how a policy ex-

panding public health insurance for young children affected their parents’ labor

market and health insurance outcomes. I use variation in the initial income thresh-

olds, children’s age cutoffs and timing of implementation across states to estimate

the effect of a person’s youngest child gaining access to public health insurance on

self-employment. I find that having a child become Medicaid eligible increases a

father’s self-employment and increases his business income. I find no significant

effect on self-employment for mothers, but I find that the increasing eligibility is

associated with a large negative effect on their probability of remaining in a wage

job.

The second chapter examines how expanding dependent health insurance

for young adults affects the health insurance and labor market outcomes of those
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young adults and their parents. I exploit two sources of variations in the age at

which young adults age out of their parents’ health insurance: i) state reforms

passed between 2000 and 2010 that extended the maximum age of health insur-

ance dependents beyond 18 and ii) the Affordable Care Act that extended coverage

for all young adults in the United States until their 26th birthdays. Using regres-

sion discontinuity, I find evidence that the policies increased young adult dependent

coverage. Dependent coverage for eligible young adults increased by 8 percentage

points over ineligible young adults, while health insurance in the young adults’ own

name decreased by 6.5 percentage points. I also see evidence that parents of eligible

young adults responded by changing their own coverage.

The final chapter investigates the relationship between children and migra-

tion using data from the American Communities Survey. To address the issue that

both migration and fertility might be correlated with unobserved variables I use

twin births as an instrumental variable for the number of children. I find that that

an additional child decreases migration by 0.6 percentage points and decreases the

probability that a woman lives in her birth state by 1.4 percentage points. This

suggests that more children hinder migration.
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Chapter 1

Does Public Health Insurance Increase
Self-Employment? Evidence from Medicaid

Expansions

1



1.1 Introduction

Self-employment plays an important role in the economy. There are almost

15 million self-employed workers in the U.S. economy, accounting for 10% of the

total workforce.1 Self-employed individuals may face higher premiums than those

who obtain health insurance through their employer, and many economists believe

that the high cost of health insurance discourages self-employment (Holtz-Eakin,

Penrod and Rosen 1996). By breaking the link between employers and health in-

surance, an increase in public health insurance could make self-employment more

appealing and increase the number of self-employed in the economy. This pa-

per tests that idea by examining the change in self-employment that accompanied

the Medicaid expansions of the 1980s and 1990s, beginning with the Consolidated

Omnibus Budget Reconciliation Act of 1986. I use variation in the initial income

thresholds, children’s age cutoffs and timing of implementation across states from

legislation changes that occurred between 1986 and 1990 to estimate the effect of

a person’s youngest child gaining access to this public health insurance on self-

employment. I find that having a child become Medicaid eligible increases a fa-

ther’s self-employment by 10.5 percentage points and increases business income

by $1,269 (2005 dollars). I find no significant change in self-employment for moth-

ers.

In the United States, direct-purchased health insurance policies are more

expensive than employer-provided health insurance (EPHI) since employer poli-

1Source: Bureau of Labor Statistics, as of October 2015
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cies face less adverse selection, have larger risk pools, and are given tax exempt

status (Pauly and Lieberthal 2008, Holtz-Eakin et al. 1996). Pre-existing condi-

tions are required to be covered by employer policies but no such condition existed

for non-employer policies prior to the Health Insurance Portability and Account-

ability Act (HIPAA) of 1996 and the Affordable Care Act of 2010.2 These differ-

ences between EPHI and direct-purchased health insurance markets create a link

between employment at a firm and health insurance which may discourage people

from quitting their jobs. Workers may also be reluctant to switch jobs because of

waiting periods for new insurance, loss of particular insurance plans, and disrup-

tion of continuity of care (Fairlie, Kapur and Gates 2011). Economists use the term

“job lock” to describe the situation where having health coverage tied to employ-

ment can influence workers to stay in jobs they might otherwise leave (e.g. Bansak

and Raphael 2008, Berger, Black and Scott 2004, Hamersma and Kim 2009, Holtz-

Eakin et al. 1996, Madrian 1994).

Individuals who are freed from job lock could move to wage work without

employer-provided health insurance benefits, including part-time employment, un-

employment, or self-employment. I am particularly concerned with how changes in

health insurance coverage could influence an individual’s decision to become self-

employed. Self-employment may provide higher earning opportunities than paid

employment for some low-income individuals (Holtz-Eakin, Rosen and Weathers

2000). Self-employed entrepreneurs contribute to innovation, job creation and eco-

2COBRA 86 allowed employees to continue their employer plans for up to 18 months after
leaving their job if they paid the full premium plus a small administrative fee, giving them short
term coverage for pre-existing conditions.
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nomic growth. The self-employed might also respond differently to the risk of not

having health insurance than part-time or wage workers since they have less consis-

tent income flows, or they may be more inclined to take on the risks of not having

health insurance. The effect of potential entrepreneurs being locked into jobs with

health insurance is often called “entrepreneurship lock” (Bailey 2013, Blake 2014,

Fairlie et al. 2011, Ydstie 2014) to draw attention to its relationship to the more

broad term “job lock”. The Affordable Care Act (ACA) has drawn new attention

to this relationship between jobs and employer-provided health insurance, with ad-

vocates of the ACA suggesting that expanding public insurance and giving workers

an alternative to EPHI will increase their transition from jobs with insurance into

entrepreneurship.

I examine the issue of entrepreneur lock by taking advantage of the fact

that Congress passed five different legislative changes in the late 1980s and early

1990s expanding health insurance coverage for pregnant women and children. Be-

fore the expansions, Medicaid eligibility was linked to Aid to Families with De-

pendent Children (AFDC) coverage, with income thresholds varying widely across

the states. After the expansions, states were required to cover pregnant women and

children under six years old in families with incomes up to 133 percent of the FPL

and all children born after September 30, 1983 in families with incomes up to 100

percent. Additionally, the expansions allowed matching federal funds for thresh-

olds as high as 185 percent, incentivizing some states to increase the coverage even

further. Between 1988 and 1993, the number of Medicaid eligible children grew

by more than 50% (Blumberg, Dubay and Norton 2000), and by 1993 Medicaid

4



covered 25% to 30% of children under 18 (Lewit and Baker 1995). States had a

great amount of discretion in how the requirements were implemented, leading to

variation in the income and age thresholds across the states and in the timing of

implementation. Details of these expansions are discussed in Section 1.2.

To capture the changes in eligibility, I create a simulated instrumental vari-

able (SIV) where Medicaid eligibility is estimated using states’ policies and a na-

tionally representative sample instead of the individuals within the state. This in-

strument is based on the one created by Currie and Gruber (1996). They used a sim-

ilar instrument to capture variation in the Medicaid eligibility of pregnant women

and examine birth outcomes. The instrument in this paper varies with state, year

and age of the youngest child, and it is the variation along these dimensions that I

use to identify variation in Medicaid eligibility. The SIV is strongly correlated with

eligibility, but not with individual characteristics or state demographic changes. I

use this SIV to estimate the effect of these Medicaid expansions on private and

public health insurance, wage and self-employment, and business income.

I confirm that expanding Medicaid coverage for children impacted the health

insurance outcomes of children. A child’s eligibility was associated with a 20.8 per-

centage point increase in Medicaid takeup and a 8.7 percentage point decrease in

uninsured children. The 11.3 percentage point decrease in private insurance pro-

vides evidence that Medicaid crowded out private insurance, which is consistent

with the results found by Cutler and Gruber (1996).

When children are made eligible for public insurance, there may be spillover

effects and parents may drop their health insurance as well. I examine parent’s

5



health insurance based on the eligibility of their youngest child. I find mothers’

employer-provided health insurance decreased by 9.9 percentage points. I find no

significant effects for fathers.

Finally, I examine the parent’s labor market outcomes of self-employment,

wage-employment and business income. I find that having a child become Med-

icaid eligible increases a father’s self-employment by 10.5 percentage points and

increases business income by $1,269 (2005 dollars). I find no significant effect

on self-employment for mothers, but I find that the Medicaid eligibility of their

youngest child is associated with a large negative effect on their probability of

remaining in a wage or salary job (-31.4 percentage points.) Further investiga-

tion shows that this effect only holds for married mothers, which is consistent with

households reducing their hours worked in order to keep household income below

the eligibility thresholds.

While a large body of literature exists on job lock,3 few papers have looked

at the the link between public health insurance and self-employment and this pa-

per adds to that small body of literature. Many of the previous studies on this

topic have used public health insurance variation that occurred either within a sin-

gle state (Baicker, Finkelstein, Song and Taubman 2014, Garthwaite, Gross and

Notowidigdo 2013, DeCicca 2010, Tüzemen and Becker 2014, Niu 2014, Heim

and Lurie 2014) or reform that was quickly rolled out to all states at once, such as

3 Gruber and Madrian (2002) review over 50 papers on job-lock. They show that the job-lock lit-
erature has ambiguous results, but suggest that the most convincing evidence is that health insurance
matters in job mobility decisions.
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the creation of the State Child Health Insurance Program (SCHIP) (Olds 2014). By

contrast, the Medicaid expansions of the late 1980s and early 1990s used in this

paper offer considerable variation occurring across state, time, and children’s ages.

This variation can be used to identify the effect of the increase in Medicaid eligi-

bility on self-employment while controlling for state and time fixed effects. Dave,

Decker, Kaestner and Simon (2015) and Barkowski (2014) use similar variation to

look at labor supply and job exits without examining self-employment. This is an

important distinction since leaving jobs with health insurance for self-employment

has different economic implications than those leaving the labor force altogether.

Dave et al.’s (2015) paper also examined the labor supply of pregnancy women and

was not able to utilize the considerable variation by children’s age.

Two additional papers examine the effect on health insurance on self-employment

for different populations than the ones in this paper. Bailey (2013) examines the ef-

fect of the Affordable Care Act’s insurance coverage for young adults under 25.

Fairlie et al. (2011) examines the effect of 65 year olds gaining Medicare cover-

age. While this study is limited to parents with young children, it does analyze the

labor market behavior of working-age adults, a large group of which are missing

from Bailey and Fairlie et al. This missing group may have different behavior than

young adults or older adults around retirement.

The remainder of this paper will proceed as follows: Section 1.2 provides a

background of the legislative acts and timing of the Medicaid expansions. Section

1.3 describes the empirical strategy and the data. Section 2.3 discusses the results.

The last section concludes.

7



1.2 Medicaid Expansions: 1986-1992

Medicaid is a joint federal-state health care program administered by states

under federal guidance. Administration by states gives them considerable leeway in

setting income-eligibility thresholds. Medicaid was created by the Social Security

Amendments of 1965, but originally available only to low-income families with

children and individuals with disabilities as an additional benefit that they could

receive along with cash assistance. This meant that Medicaid eligibility was ex-

plicitly linked to AFDC. In 1986, there were large differences in AFDC benefits

across states and all states had AFDC income thresholds below the official poverty

threshold.

Between 1986 and 1990, Congress passed a series of legislative reforms that

expanded Medicaid coverage for pregnant women and children. Table 1.1 summa-

rizes the major federal expansions of the the program during this time period. The

first in the series was the Consolidated Omnibus Budget Reconciliation Act of 1986

(COBRA-86) that permitted states to enroll pregnant women and children under

two in Medicaid up to 100% of the FPL, effective April 1, 1987 (Congressional

Research Service 1988). A year later COBRA-87, effective July 1, 1988, allowed

states to raise the maximum income level for pregnant women and infants under two

up to 185% of the FPL and allowed states cover children under age eight with family

incomes up to the poverty level. Unlike later reforms, COBRA-86 and COBRA-87

were optional expansions that allowed the states to receive matching funds from the

federal government and they were implemented at the discretion of the states. As

of August 1988, ten states had coverage higher than 100% of the FPL for pregnant
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women and infants. Kentucky had raised coverage to 135% of FPL, Iowa and West

Virginia to 150%, and Connecticut, Maine, Massachusetts, Michigan, Minnesota,

Mississippi and Vermont to 185%. 80% of states took also advantage of the ability

to cover children over age one, with a wide distribution across the age cutoffs. Eight

states covered children through age two, nine states covered children through age

three, four states through age four, six states through age five, ten states through age

six and four states through age seven.

The Medicare Catastrophic Coverage Act of 1988 (MCCA) and COBRA-

89 mandated higher minimum coverage thresholds for pregnant women and infants

in all states. Coverage was required for pregnant women and children younger than

two years old in households with incomes below 75% of the FPL effective July

1, 1989, and 100% effective July 1, 1990.4 COBRA-89 increased that threshold

further, requiring coverage for pregnant women and infants increase to 133% ef-

fective April 1, 1990.5 As of July 1990, 27 states had expanded coverage to meet

the minimum threshold, and 23 states and the District of Columbia covered women

above the minimum threshold. (National Governors’ Association 1990a). Finally,

COBRA-90, effective July 1, 1991, mandated that states phase in coverage of chil-

dren who were born after September 30, 1983 living below the poverty line. These

expansions resulted in the number of children covered by Medicaid increasing from

12.8% in 1986 to 23.8% in 1994.

4Parts of the MCCA were later repealed by the Medicare Catastrophic Coverage Repeal Act of
1989, but the repeal did not include the higher thresholds.

5The COBRA-89 deadline falls before the MCCA deadline and was the binding deadline for
states.
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These legislative changes created variation in Medicaid eligibility across

states, time, and children’s ages. Eligibility changes varied across the states since

they started with different initial Medicaid eligibility requirements and some states

chose to meet the minimum requirements while other states took advantage of the

option to expand beyond them. Every state expanded its Medicaid eligibility over

time, leading to variation across years. Finally, states had different maximum age

cutoffs for Medicaid eligibility. Some states chose to meet the minimum require-

ments while others expanded coverage for older children (or income cutoffs for

younger children).

These expansions led to a large increase in Medicaid eligibility for children.

Figures 4 and 5 show the average Medicaid eligibility for children ages two and

under and five to eight. These figures demonstrate a few key characteristics of

this expansion. First, all states increased their eligibility thresholds over this time

period. Second, there was considerable variation across the ages, and those that

expanded the most for the youngest children were not necessarily the ones that

expanded at older ages. Third, not all states that started out with generous AFDC

thresholds adopted higher Medicaid thresholds.

1.3 Empirical Strategy
1.3.1 Theoretical Effects of Public Health Insurance

With employer-provided health insurance, workers needs to first enroll them-

selves before they can enroll a dependent. This bundling means that it might be the

case that an individual would not enroll in health insurance just for herself because
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the value of health insurance in that case is less than the cost, but would enroll her-

self if the value of insurance for her child was high enough (Koch 2015). When a

child becomes eligible for Medicaid, this provides a free, although potentially lower

quality, substitute for employer-provided health insurance, which decreases the ben-

efit of the child’s health insurance. Thus, even though the parents are not Medicaid-

eligible, there might be negative spillover effects on their insurance choices.

The theoretical effects of public health insurance on self-employment are

ambiguous. There are multiple channels through which Medicaid expansions might

impact self-employment: (1) Medicaid decreases the benefits of having employer-

provided health insurance, reducing job lock and enabling individuals to switch

from jobs with insurance to self-employment (or wage jobs without insurance);

(2) increased income thresholds incentivize individuals to switch from AFDC to

both wage- and self-employment because they can do so without losing insurance;

(3) Individuals in households with incomes just above the thresholds may have

incentives to drop out of wage- and self-employment to become eligible. I will talk

about these channels in more detail below.

If job lock exists, that means that individuals with EPHI are less likely to

leave their jobs for fear of losing their current health insurance (for example, due

to their child having a pre-existing condition or cost differences between the public

and private market). Public health insurance offers an alternative health insurance

that is not dependent on employment. This would decrease the opportunity cost

of accepting a job that did not provide EPHI. A worker might have an incentive to

switch from a job with health insurance to one without, including self-employment,
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when they are no longer dependent on their job to provide insurance, which would

increase self-employment. Switching a child to Medicaid and dropping their own

insurance also coincides with an increase in income.

The opportunity cost of working as either a wage worker or self-employed

worker increases when working means losing Medicaid benefits (substitution ef-

fect). Medicaid is an “all or nothing” program, meaning that as long as a person is

income-eligible, Medicaid is retained in its entirety, but it is taken away in its en-

tirety if a person becomes ineligible. In contrast to AFDC benefits, which are taken

away slowly as income increases, this creates a discontinuity in a budget constraint

(or Medicaid “notch.”) Households have a stronger incentive to manipulate their

income and bunch at the notch. Yelowitz (1995) showed that the higher income

limits move the Medicaid notch in the budget constraint higher.

Figure 1.2 shows this effect on the budget constraint, including two poten-

tial sets of indifference curves. In this simple diagram I consider Medicaid to have a

fixed value independent of hours worked. Before the expansion, Medicaid eligibil-

ity is linked to AFDC and the cutoff is the same as the maximum number of hours

where income would still be below the AFDC threshold. The shaded parallelogram

represents the additional Medicaid eligibility. Panel A shows a scenario where an

individual increases hours worked and Panel B shows a scenario where the indi-

vidual works less. Increasing the Medicaid threshold may encourage individuals

to work, but it may also create a disincentive to work, especially for individuals in

households just above the income thresholds.
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1.3.2 Research Design

To examine the effect of increasing the generosity of Medicaid eligibility on

the probability of becoming self-employed I estimate the following equation:

SEijst = α1Eligijst +Xijstα2 + αs + αt + αj + εijst, (1.1)

where the outcome of interest, SEijst, is the self-employment status of par-

ent i with a youngest child age j in state s at time t. Eligijst is an indicator equal

to one if the child is eligible for Medicaid. Eligibility varies based on a child’s age,

family income, state and year. The eligibility thresholds strictly decrease with age,

so if any child is eligible for Medicaid based on a family’s income, the youngest

child will be eligible. By using the eligibility of the youngest child, I am comparing

the self-employment outcomes of parents with any child eligible to those with no

eligible children.6 The state fixed effect, αs, controls for time-invariant state-level

unobservables and αt, the year fixed effect, captures effects that occur across all

states at the same time. Xijst is the vector of observable controls known to affect

self-employment, including age, education, race, marriage, and home ownership.

Using state policies to identify variation assumes that these policy changes

can be treated as exogenous. That these changes were driven by federal policy

would make this less of concern. However, not all expansions were mandatory and

states had considerable flexibility. Generous states may be more likely to quickly

6Other potential measures include the eligibility of the oldest child, which would capture all
children being eligible, or the fraction or number of children eligible.
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adopt the maximum eligibility thresholds and also to have other policies that are

more favorable toward self-employment. To address potential state policy endo-

geneity, I include state fixed effects in all the models. These capture time-invariant

differences across state. Inclusion of the state fixed effects means that only changes

in eligibility within a state are used for identification. The estimates would still

be biased if states adopted increasing eligibility thresholds concurrently with other

policies that had an effect on self-employment. There is however no evidence that

this policy behavior occurred.

Eligibility is endogenous since people may alter their income to receive

Medicaid benefits and there may be some unobserved characteristics that affect

both self-employment and eligibility which are not captured by fixed state and time

effects. To address this, I use a “simulated instrumental variable” for Medicaid

eligibility similar to the one developed Currie and Gruber (1996) and used subse-

quently in Cutler and Gruber (1996) and Gruber and Yelowitz (1999). To create

this variable, I draw a single national sample household income as a percent of the

Federal Poverty Level for 1,000 children of each age from the CPS data. I then

calculate whether the children in this sample would be eligible for Medicaid under

each state’s threshold in each year based on the household’s income (as a percent of

the federal poverty level) and the age of the children. The instrument, Êligjst, is the

percentage of the national sample of age j that would be eligible in each state (s) and

year (t). The instrument varies by state-year-age cells. This measure has a number

of advantages. First, unlike the eligibility of a person’s youngest child, this measure

is independent from the individual’s income and is unaffected by individual level
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characteristics. Second, it summarizes the eligibility rules into a single variable for

each state. Finally, because this measure is estimated using the same national sam-

ple, the measure captures only legislative decisions and changes in generosity, but

not demographic or health changes in a state.

The simulated Medicaid eligibility is used as an instrument for a child’s

actual eligibility in a fixed effect two-stage least squares (FE2SLS) approach.

Eligijst = γEÊligjst +XijstγX + γs + γt + γj + νijst. (1.2)

The standard instrumental variable assumptions apply, that the national el-

igibility estimates are strictly exogenous to the error term in and correlated to the

variable of interest, Eligist (Wooldridge 2011). The first stage regressions, which

I discuss in Section 2.3, confirm that this instrument is strongly correlated with the

income eligibility for individual children.

A related variable that might be affected by Medicaid expansions is business

income. Business income is used as another measure of self-employment. Business

income could increase since individuals can earn (or report) a higher income with-

out losing Medicaid coverage for their youngest child. Without the instrumental

variable approach, we would likely see a negative coefficient on Medicaid eligi-

bility for this outcome since eligibility itself is dependent on having total incomes

below a certain threshold. Business income may capture self-employment activi-

ties that individuals do not report as their primary jobs (for example, part-time self-

employment work), but may also under-report self-employment if new businesses
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have low or negative earnings. Business income might also reflect the intensive

margin – how much time individuals devote to self-employment – rather than the

extensive margin – whether individuals are self-employed or not.

This paper is motivated by several studies on whether Medicaid reduces

(or “crowds out”) private health insurance (Aizer and Grogger 2003, Busch and

Duchovny 2005, Dubay and Kenney 1997, Cutler and Gruber 1996, Currie and

Gruber 1996, Ham and Shore-Sheppard 2005, Koch 2015) and whether that reduc-

tion comes from a change in total labor supply (Yelowitz 1995, Ham and Shore-

Sheppard 2005, Dave et al. 2015, Lee, Tian and Tomohara 2008). In order to com-

pare this study to those, I also estimate models with insurance and employment

outcome variables. Other outcome variables this paper looks at are Medicaid take-

up, private health insurance enrollment, and selection into wage or salary work.

Understanding the relationship between eligibility and health insurance variables

is important for verifying that individuals are responding to changes in eligibility.

Medicaid expansions accompanied by decreases in private insurance coverage indi-

cate that families are potentially changing their labor supplies, while those without

accompanying private insurance decreases are likely driven by previously uninsured

children. Finally, examining the outcome of wage-workers is a first step in seeing

whether individuals leave wage work for self-employment and allow the results in

this paper to be compared with previous literature.
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1.3.3 Data

I use data from the March supplements of the Current Population Survey

(CPS) between 1986 and 1994.7 Each survey year has interviews with over 70,000

households representing more than 140,000 individuals. The data include informa-

tion on work experience, income, demographics, and health insurance. Although

other data sets contain the similar data on labor market outcomes, the CPS is the

largest which also contains health insurance during this period. Household mem-

bers are interviewed for four consecutive months, excluded for eight months, and

then included for four more months. To insure that households are not repeated in

the sample, only interviews that take place in the first four months are included.

I limit the sample to working-age adults, 18 to 64 years old, with children

under age 18.8 I exclude data from Hawaii, which required employers offer health

insurance to employees that work more than 20 hours per week under the Hawaii

Prepaid Health Care Act. After these exclusions, a sample size of 51,684 fathers

and 65,042 mothers remains.

Medicaid eligibility varies by household income, state, year and children’s

age. Total household income is divided by the Federal Poverty Level (FPL), as de-

termined by the year and the size of the household. A child is eligible if their house-

hold income as a percentage of FPL falls below the income threshold. State Med-

7Data comes the Integrated Public Use Microdata Series (IPUMS) (King, Ruggles, Alexander,
Flood, Genadek, Schroeder, Trampe and Vick 2015). I also estimate the models using data from
narrower time period as some authors (e.g. Yelowitz 1995) have done. The results are similar in
significance and magnitude.

8Eligibility expansions during this time were geared for children under 8 years old. Results are
not sensitive to using different cutoffs, such as the 14 year cutoff in Yelowitz (1995).
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icaid thresholds come from the annual Maternal and Child Health (MCH) Updates

from the National Governor’s Association (1990b, 1990a, 1991a, 1991b, 1992a,

1992b, 1993) and Hill (1988).

The CPS classifies workers as being wage or salary workers, unpaid family

workers or self-employed, based on the job in which they worked the most hours.

The variable SEijst takes on a value of one if an individual is classified as self-

employed. Self-employed includes workers in incorporated businesses and workers

in unincorporated businesses. Under this categorization, workers will be measured

as either self-employed or wage/salary workers, but never both. This measurement

excludes individuals who may be self-employed only part time while doing another

job. Part time workers are usually not eligible for health insurance, so the decision

to work part time as a self-employed worker and part time as a wage worker might

be affected but may not be captured in the data. In Table 1.2, we see that 14.6%

of fathers and 6.1% of mother categorize themselves as self-employed, but most

individuals, 81.6% of fathers and 66% of mothers, work as a wage or salary worker.

Fathers are considerably more likely to be a wage or salary worker or self-employed

than mothers.

Some papers identify individuals as being self-employed if they have busi-

ness income above a specified threshold (e.g. Heim and Lurie 2014). This paper

examines two business income measures as an alternative outcome variable to the

class of worker being reported as self-employed. The first one is real business

income (2005 dollars). The second one is an indicator for positive business in-

come. Business income may increase because a individual is engaged in more self-
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employment activities, or because they are reporting higher incomes.9 These mea-

sures would be an improvement over the self-employment measure if they also cap-

ture part-time self-employment activities. However, they could underestimate self-

employment relative to the self-employment measurement if new business owners

tended to have low income or losses.

The March CPS contains a rich set of questions on health insurance. These

include whether an individual was covered by Medicaid or an employer-based

health insurance plan and whether that plan was in the individual’s name. I use

this information to construct indicator variables to measure individuals with EPHI.

Insurance coverage differs considerably between self-employed and wage workers.

Sources of insurance for self-employed and wage workers, calculated from the data

used in this paper, are shown in Figure 1.1. Self-employed individuals are less

likely to hold private insurance policies under their own name and are more likely

to either be a dependent on another individual’s policy or to have no insurance at

all. The data also tells us if a child was covered by private insurance but it does not

allow us to tell whether an individual child’s plan was provided through a parent’s

employer. I use this information to construct indicator variables to measure private

insurance and Medicaid coverage for parents and their youngest children.

The control variables include age, education, an indicator for married, an

indicator for living in the city, racial indicators, the number of kids under 5, the

total number in the household and whether an individual is a homeowner. In Table

9Self-employment income is likely under-reported in the CPS (Hurst, Li and Pugsley 2013).
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1.2 we can see how these variables compare between the self-employed and the

wage-workers. The self-employed are older, more likely to have graduated college,

more likely to be homeowners, and less likely to be African-American.

1.4 Results
1.4.1 First Stage

Table 1.3 reports the first-stage relationship between the instrument, average

eligibility for the national sample, and the eligibility of the youngest child. As ex-

pected, an increase in simulated Medicaid eligibility is associated with an increase

in the children’s actual eligibility. The coefficient on the simulated instrumental

variable, Êligjst, is large, positive and significant for all the samples. Panel A,

Column (1) shows the estimates for fathers. Panel B shows the estimates for moth-

ers. The results are broken down into married mothers (Column 3) and unmarried

mothers. The F statistics are large and the null hypothesis of a weak instrument

is rejected with a Stock Yogo test (Stock and Yogo 2005). The estimate is less

than one due to the nationally representative sample and the inclusion of the control

variables.

1.4.2 Insurance Outcomes

The first set of outcomes I examine are the health insurance outcomes of

children and their parents. Did parents respond to the expansions in eligibility by

changing the sources of their children’s or their own health insurance? Table 1.4

presents the instrumental variable fixed effect two-stage least squares (FE2SLS)
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results for health insurance outcomes for children under 18. The other coefficients

have been suppressed to save space, but the model also includes control variables

and fixed effects for the state, year, and youngest child’s age. The sample is only

for the youngest children in the household since that is the level of variation we

use to measure parental labor market outcomes. The table shows that children’s

insurance sources did change in response to these Medicaid expansions. Column (1)

estimates an increase in Medicaid takeup of 20.8 percentage points. This estimate

is large, positive and significant. The next column shows the takeup of private

insurance. The effect is large (11.3 percentage points), significant and negative.

Taken together with column (1), this presents evidence that Medicaid crowded out

private insurance. Cutler and Gruber (1996) found similar coefficients for Medicaid

takeup (0.235) and private insurance (-0.119).10

Parents may drop their child dependents from their insurance without drop-

ping the insurance themselves, or there may be spillover effects from children’s

coverage as the opportunity cost of not having insurance changes. I next look at

whether parents’ employee-provided health insurance coverage changes with the

Medicaid expansions. The results are given in Table 1.5. The dependent variable in

column (1) is the an indicator equal to one if the parent has health insurance pro-

vided through their employer. If parents stay in jobs with health insurance because

they care about keeping their children insured, and Medicaid offers an alternative

to EPHI for insurance coverage, parents might respond to the expanded Medicaid

10The sample in this paper includes only the youngest children while Cutler and Gruber (1996)
includes all children.
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coverage by leaving jobs with EPHI. I find the coefficient for fathers not signifi-

cantly different from 0. For mothers, the coefficient is negative and significant (-9.9

percentage points). Koch (2015) found children’s public health insurance eligibility

decreased the private health insurance of parents by 11 percentage points. Column

(2) shows whether any child in their household is covered under their EPHI. Again

we see the coefficient for fathers is insignificant. For children, the coefficient is

negative and significant and almost double the coefficient for the parent themselves

(18.1 percentage points). Mothers appear to be leaving EPHI, but they are even

more likely to drop their children from their coverage when they become Medicaid

eligible.

1.4.3 Self Employment Outcomes

I examine whether Medicaid expansions had an effect on self-employment.

Self-employment is measured in three ways: an indicator equal to one if the par-

ent is self-employed (column 1); total business income in thousands (2005 dollars,

column 2); and an indicator equal to one if the parent reports positive business in-

come (column 3). Table 1.6 shows the estimated coefficients and standard errors for

Medicaid eligibility from a FE2SLS model. For all three outcomes, the coefficients

for mothers are not significant. Fathers’ coefficient for self-employment is posi-

tive, significant, and rather large. The estimated coefficient of 0.105 suggests that,

holding all else constant, going from having no child eligible to having one child

eligible would increase your self-employment by 10.5 percentage points. This esti-

mate lies between Olds’ (2014) findings that business ownership increased by 2 to
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4 percentage points for households just above the SCHIP eligibility threshold com-

pared to those below and Fairlie et al.’s (2011) estimates of 13 percentage points

for individuals just above and below the age 65 Medicare threshold. For the change

in eligibility over these reforms, this would translate to roughly a 0.66 percentage

point increase in father’s total self-employment.

Coefficient estimates for both business income and the indicator for business

income being greater than zero are positive and significant for fathers. The business

income coefficient suggests that having the youngest child becoming Medicaid el-

igible increases business income by $1,269 (2005 dollars), all else equal. A quick

back-of-the-envelope calculation, dividing this estimate by the average reported in-

come for those fathers identifying as self-employed, $12,576, suggests that if each

earned the same average business income, this coefficient would correspond to an

increase in self-employment of about 10.1 percentage points, roughly the amount

we found using the self-employment variable. The coefficient on the business indi-

cator variable (0.059) is positive, significant, and smaller than the one on reported

self-employment status in column (1). These results suggest an increase in self-

employment activities in response to the Medicaid expansions.

1.4.4 Wage or Salary Employment and No Employment

Table 1.7 shows the response of wage or salary employment and total em-

ployment to Medicaid expansions. There are large, negative and significant co-

efficients on wage employment for mothers (-0.314) and fathers (-0.110). I ob-

serve no effects on the overall employment for fathers. Combined with the self-
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employment estimates, this suggests that fathers are switching from wage jobs to

self-employment.

For mothers, I observe a large and positive increase in non-employment

(0.290). A negative coefficient might come from married women dropping out of

the labor force when their family incomes are just over the Medicaid thresholds

(Lee et al. 2008). If this were the case, we might expect to see a negative coefficient

for married women, but a positive or zero coefficient for unmarried women. To test

this, I estimate the regression for wage and salary-employment again separately

for married and unmarried mothers. Table 1.8 shows the estimated coefficients.

For unmarried mothers, the coefficient on Medicaid eligibility is positive but not

significantly different from zero. The coefficient on Medicaid eligibility is negative

and significant for married women (-0.120).

Several studies have examined the Medicaid expansions of the 1980s and

1990s on the total labor supply with mixed results. Yelowitz (1995) finds an in-

crease in labor force participation for separated or divorced women, but a decrease

for never married women. Ham and Shore-Sheppard (2005) find no evidence that

Medicaid income limits increased labor force participation. Dave et al. (2015) find

the increase in Medicaid eligibility was associated with a 6 to 7 decrease in the la-

bor supply of pregnant women. Lee et al. (2008) also found a negative impact for

SCHIP for some groups of married women. These results show a similar negative

relationship to Lee et al. and Dave et al. (2015).
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1.5 Conclusion and Discussion

States expanded Medicaid coverage to children between 1986 and 1992, in-

creasing coverage in all 50 states and the District of Colombia. I find that these

expansions had large and significant effects on the insurance coverage of children.

Medicaid eligibility is associated with higher take-up rates for Medicaid (20.8 per-

centage points), and lower rates of private insurance coverage (-0.113) for children.

The negative coefficient is consistent with previous literature on crowd-out (e.g.

Cutler and Gruber 1996). If job-lock were occurring in response to children’s health

insurance, one would expect to see parent’s leaving jobs with employer-provided

health insurance. We do see this with mothers, who are 9.9 percentage points less

like to work at a job with EPHI, but no significant effect is observed for fathers.

If there were also entrepreneur-lock, one would expect to see individuals

moving out of jobs with EPHI and moving into self-employment. I find that hav-

ing any child become Medicaid-eligible increases self-employment for fathers by

10.5 percentage points, increases business income by $1,269 (2005 dollars) and in-

creases the probability that a father made a positive business income by 5.9 percent-

age points. The results for fathers in this paper complement the existing literature

that shows that increases in public health insurance can increase self-employment

(Fairlie et al. 2011, Olds 2014, DeCicca 2010, Bailey 2013). However, Table 1.5

and 1.6 taken together suggests that these fathers are not switching out of jobs with

health insurance, but that they are switching out of other non-insurance providing

jobs to go into business for themselves. For mothers, the results are the opposite.

Perhaps the increase in income or decrease in risk from coverage allows them to do
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this. Mothers are more likely to leave jobs with EPHI, but they are not transitioning

into self-employment.

The results of this paper suggest that changes in the eligibility for public

insurance move the needle on measures of self-employment and voluntary unem-

ployment, and thus might well be considered when making public policy. They

further suggest that clear statistical differences in economic behavior exist between

self-employment and unemployment patterns exhibited by male and female mem-

bers of a family with children, indicating that other external social variables also

affect these patterns.

How should this inform expectations about the Affordable Care Act (ACA)?

Although the population that I examine in this paper is the same one that will be

affected by the ACA – adults with incomes just over 100% of the Federal Poverty

Line – this expansion increased coverage to kids, whereas the ACA will increase

the coverage to adults themselves, even adults with no children. This analysis is

for partial family coverage – Medicaid coverage of of the youngest child – but

entire families may become eligible under the ACA thresholds and that might make

the effects stronger. At the same time, The ACA also implements fines for not

having insurance, which could make (otherwise insurance-less) self-employment

more expensive. Blumberg, Corlette and Lucia (2014) took the estimates from

Fairlie et al. (2011) and DeCicca (2010) and applied them to the ACA, estimating

that an additional 1.5 million individuals would become self-employed. My largest

coefficient estimate for self-employment (10.5%) is less than the 13% and 12% that

Blumberg et al. uses, and only applies to half of the population. This would suggest
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that we could see a smaller increase in self-employment.
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1.6 Figures
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Figure 1.1: Health Insurance Sources for Self-Employed and Wage Workers

This figure shows the different sources of health insurance for self-employed and wage-workers.
Wage-workers are more likely to have private insurance and less likely to be uninsured than self-
employed individuals.
Source: Author’s own calculations from CPS data, 1988 to 1992.
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(a) Medicaid Expansion Increases Hours
Worked

(b) Medicaid Expansion Decreases Hours
Worked

Figure 1.2: Budget Constraint After Medicaid Expansions

These figures illustrate two potential effects of Medicaid expansions on hours worked using a simple
budget constraint. The shaded area represents the Medicaid expansion, which now extends beyond
the AFDC cutoff. In Panel (a), the individual’s indifference curves are such that a Medicaid ex-
pansion decreases leisure and increases total hours worked. In Panel (b), the Medicaid expansion
induces the individual to consume more leisure and work less.
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Figure 1.3: Average Eligibility for Children 0 - 2 Years Old

This figure shows estimates of the percentage of children eligible for Medicaid in each state in
1988 and 1994. The darker colors in 1994 shows the large increase in eligibility for this age group.
Eligibility increased more for this group than for older children (see Figure 1.4.)
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Figure 1.4: Average Eligibility for Children Ages 5 - 8 Years Old

This figure shows estimates of the percentage of children eligible for Medicaid in each state in 1988
and 1994. The darker colors in 1994 shows the large increase in eligibility for this age group.
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1.7 Tables

Table 1.1: Timeline of Key Medicaid Expansions between 1984 and 1990

Year Development

1984 The Deficit Reduction Act of 1984 extends coverage to single pregnant
women and women in two-parent unemployed families if their incomes
would have made them eligible for AFDC under the state’s income guide-
lines.

1985 The Consolidated Omnibus Budget Reconciliation Act of 1985 (COBRA
85) mandates coverage to all remaining pregnant women with family in-
comes below the state’s AFDC eligibility levels.

1986 COBRA 86 gives states the option of covering pregnant women and chil-
dren under age 2 up to 100 percent of the federal poverty level (FPL), ef-
fective April 1, 1987. Pregnant women and children under 2 may now be
eligible above the AFDC threshold.

1987 COBRA 87, gives states the option of covering pregnant women and infants
under age 2 up to 185 percent of the FPL and allows coverage of children
up to age 8 at or below the poverty line. COBRA 98 goes into effect July 1,
1988.

1988 Medicare Catastrophic Coverage Act of 1988 (MCCA) requires states to
phase in coverage for pregnant women with income up to 75 percent of FPL
by July 1989 and 100 percent of FPL by April 1990. Although much of the
MCCA was repealed in 1989, the pregnancy coverage remained.

1989 COBRA 89 mandates coverage for pregnant women and children under age
6 with incomes at or below 133 percent of FPL, effective July 1989

1990 COBRA 90 mandates coverage for all children born after September 30,
1983 with family incomes at or below 100 percent of FPL by April 1, 1990.
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Table 1.2: Summary Statistics

Fathers Mothers

(1) (2) (3) (4) (5) (6)
All Self-Emp. Wage All Self-Emp. Wage

Employment:
Self-Employed 0.146 1.000 0.000 0.061 1.000 0.000
Business Income ($1,000s) 1.998 12.576 0.194 0.349 5.183 0.044
Business Income > 0 0.212 0.601 0.144 0.165 0.681 0.131
Wage Worker 0.814 0.000 1.000 0.660 0.000 1.000

Eligibility
Medicaid Elig. of Youngest Child 0.093 0.100 0.080 0.175 0.113 0.123

Insurance:
Parent covered by Medicaid 1.034 1.013 1.026 1.121 1.043 1.075
Private Health Ins. Own Name 0.568 0.302 0.636 0.289 0.094 0.412
Spouse Has Private HI 0.257 0.254 0.259 0.431 0.464 0.426

Demographics:
Age 37.629 39.792 37.047 34.980 36.890 35.198
High School 0.349 0.319 0.355 0.397 0.375 0.402
College 0.270 0.340 0.265 0.192 0.253 0.210
Income < 200% FPL 0.233 0.240 0.215 0.330 0.263 0.274
Married 0.953 0.963 0.954 0.805 0.895 0.794
Lives in City 0.246 0.207 0.249 0.277 0.228 0.266
African-American 0.066 0.024 0.070 0.109 0.026 0.119
# Kids Younger than 5 0.534 0.475 0.551 0.517 0.456 0.450
Family Size 3.860 3.917 3.853 3.709 3.821 3.651
Age Youngest Child 6.902 7.491 6.729 7.017 7.638 7.450
Homeowner 0.643 0.744 0.634 0.570 0.692 0.590

Observations 58,292 8,501 47,459 73,451 4,445 48,508

Notes: Summary statistics are for adults ages 18 - 65 with at least one child under 18. Columns (2)
and (5) limit the sample to parents that identify their main job as self-employment. Columns (3) and
(6) limit the sample to parents that identify their main job as wage or salary work. Columns (1) and
(4) also include unemployed mothers and fathers.
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Table 1.3: Effect of Simulated Medicaid Eligibility on Medicaid Eligibility (First
Stage)

Panel A: Fathers Panel B: Mothers

(1) (2) (3) (4)
All All Married Unmarried

Simulated Eligibility 0.635*** 0.717*** 0.677*** 0.531***
(0.023) (0.021) (0.025) (0.045)

N 51,684 65,042 52,473 12,569
R2 0.156 0.298 0.196 0.313
F 135.845 394.557 185.627 82.362

Notes: Estimates are for children under 18. Dependent variable is an indicator
equal to one if the youngest child is eligible for Medicaid. Shown is the coefficient
on the simulated Medicaid eligibility variable. Column (1) estimates the regression
for all fathers and columns (2) through (4) limit the estimation for mothers. The
last two columns break down the sample between married and unmarried mothers.
Also included, but not shown, are state and year fixed effects, indicators for the age
of the child, control variables, and a constant term. Robust standard errors are in
parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Table 1.4: Effects of Medicaid Eligibility on Children’s Insurance Outcomes

(1) (2) (3)
Medicaid Private Insurance Any Insurance

Medicaid Eligibility 0.208*** -0.113** 0.087*
(0.036) (0.047) (0.045)

N 66,134 66,134 66,134

Notes: Estimates are for children under 18. Dependent variable in column (1) is an
indicator equal to one if a child had Medicaid. Dependent variable in column (2) is
an indicator equal to one if the child has private insurance. Dependent variable in
column (3) is an indicator equal to one if a child has any insurance. Also included,
but not shown, are state and year fixed effects, indicators for the age of the child,
control variables, and a constant term. Robust standard errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Table 1.5: Effects of Medicaid Eligibility on Parental Insurance Outcomes

(1) (2)
Parent has EPHI Child in HH Covered EPHI

Fathers (N=51684) 0.008 -0.026
(0.055) (0.061)

Mothers (N=65042) -0.099*** -0.181***
(0.036) (0.039)

Difference 0.107 0.156
Chi-Sq 2.683 4.643
p 0.101 0.031

Notes: Estimates are for adults ages 18 - 65 with at least one child under 18. De-
pendent variable in column (1) is an indicator equal to one if a parent reports having
employer-provided health insurance. Dependent variable in column (2) is an indi-
cator equal to one if a child in the parent’s household is covered by the parent’s
insurance. Also included, but not shown, are state and year fixed effects, indicators
for the age of the child, control variables, and a constant term. Robust standard
errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Table 1.6: Effects of Medicaid Eligibility on Self-Employment Outcomes

(1) (2) (3)
Self-Employment Business Income Bus. Income > 0

Fathers (N=51684) 0.105*** 1.269** 0.059*
(0.040) (0.672) (0.034)

Mothers (N=65042) 0.023 0.068 0.020
(0.026) (0.739) (0.022)

Difference 0.081 1.353 0.015
Chi-Sq 2.927 1.773 0.259
p 0.087 0.183 0.611

Notes: Estimates are for adults ages 18 - 65 with at least one child under 18. De-
pendent variable in column (1) is an indicator equal to one if a parent identifies their
main job as self-employment. Dependent variable in column (2) is pre-tax non-farm
business income, CPI adjusted to 2005 prices. Dependent variable in column (3)
is an indicator equal to one if business income is positive. Also included, but not
shown, are state and year fixed effects, indicators for the age of the child, control
variables, and a constant term. Robust standard errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Table 1.7: Effects of Medicaid Eligibility on Employment Outcomes

(1) (2)
Wage/Salary Employment No Employment

Fathers (N=51684) -0.110* 0.005
(0.058) (0.047)

Mothers (N=65042) -0.314*** 0.290***
(0.038) (0.031)

Difference 0.204 -0.285
Chi-Sq 8.645 25.877
p 0.003 0.000

Notes: Estimates are for adults ages 18 - 65 with at least one child under 18. De-
pendent variable in column (1) is an indicator equal to one if a parent identifies their
main job as wage or salary employment. Dependent variable in column (2) is an
indicator equal to one if a parent has no employment. Also included, but not shown,
are state and year fixed effects, indicators for the age of the child, control variables,
and a constant term. Robust standard errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Table 1.8: Effects of Medicaid Eligibility on Employment Outcomes for Married
and Unmarried Mothers

(1) (2) (3)
Self-Employment Wage/Salary No Employment

Married Mothers (N=52473) 0.003 -0.245*** 0.241***
(0.022) (0.043) (0.040)

Unmarried Mothers (N=12569) 0.003 0.007 -0.010
(0.047) (0.092) (0.086)

Difference 0.000 -0.252 0.252
Chi-Sq 0.000 6.146 6.950
p 0.999 0.013 0.008

Notes: Estimates are for women ages 18 - 65 with at least one child under 18. De-
pendent variable in column (1) is an indicator equal to one if a parent identifies
their main job as self-employment. Dependent variable in column (2) is an indica-
tor equal to one if a parent identifies their main job as wage or salary employment.
Dependent variable in column (3) is an indicator equal to one if a parent has no
employment. Also included, but not shown, are state and year fixed effects, indica-
tors for the age of the child, control variables, and a constant term. Robust standard
errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Chapter 2

Does Dependent Health Insurance Matter?
Measuring Health Insurance and Labor Market
Responses to Expansions in Dependent Coverage
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2.1 Introduction

Prior to the Affordable Care Act, young adults had the highest uninsurance

rates in the United States. In 2008, for example, uninsurance rates were 32% for

23 year olds compared to the nationwide-average of 7.7%. Figure 2.1 illustrates

the high youth uninsurance rates. There are multiple potential reasons for these

high insurance rate, including young adults being relatively healthy and therefore

utilizing low levels of health care and young adults aging out of their parents’ plans

before they have a job which offers its own health benefits.

Figure 2.1: Uninsurance Rates by Age
Notes: Author’s calculation using data from the 2008 and 2013 American Community Survey.
Figure shows that fewer young adults were uninsured, even as uninsurance rates went up for
older adults.

State and Federal lawmakers took measures to address the latter with poli-

cies that extended dependent care to young adults into their early 20s. Between
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1995 and 2010, several state legislatures implemented dependent mandates that re-

quired health insurance plans to cover young adult in their early 20s. Qualifica-

tions varied based on age, marital and student status, and varied from state to state.

The Patient Protection and Affordable Care Act (ACA) then extended dependent

coverage to all young adult children in the United States until their 26th birthday,

beginning on September 23, 2010. Figure 2.1 shows that uninsurance rates went up

after the ACA for most adults but dropped for young adults 20 to 25.

I use variation from these state and federal expansions in dependent cover-

age as a quasi-experiment to analyze the effect of dependent insurance for young

adults on the utilization of other insurance and labor market outcomes, including

self-employment and part-time work. I find that these state expansions increased

dependent health insurance for young adults by 5 percentage points. The ACA

increased dependent coverage by 12.6 percentage points and increased employer-

provided health insurance for their parents by 14 percentage points. Despite these

significant increases, I find only weak evidence that there was any labor market

response. I then look at the parents of young adults and find some evidence that

mothers were more likely to have health insurance, but no effects on labor market

outcomes.

This paper makes four major contributions to the existing literature. First,

I estimate the effects of these reforms on parents with eligible children. Allow-

ing dependents to stay on insurance increases its value and so one might expect

not only young adults, but their parents to respond to these policies. Previously

literature has ignored this potential spillover effect. Second, I examine health
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and labor outcomes of the state expansions in dependent coverage using a regres-

sion discontinuity (RD) framework. Several previous studies have looked at the

state dependent coverage expansions, showing that they increased health insur-

ance among young adults (Levine, McKnight and Heep 2011, Monheit, Cantor,

DeLia and Belloff 2011, Depew 2015, Dillender 2014, Hahn and Yang 2016), in-

creased wages (Dillender 2014), and decreased labor supply on the intensive mar-

gin (hours worked) (Depew 2015, Hahn and Yang 2016). Hahn and Yang (2016)

found a reduction on the extensive margin (labor market participation) for men,

whereas Depew (2015) found none. These papers utilized some variation on a DID

framework. The RD framework allows me to relax the parallel trends condition

of the DID estimation, which I argue there is reason to question for these young

adults. Third, I examine self-employment within this RD framework for both the

state and ACA dependent mandates. Since most health insurance in the United

States is provided through employers, self-employment might respond differently

to these policies than wage and salary employment. More recently, studies have

started to look at the effects of the ACA. Consistent with the findings in this pa-

per, most have found that the ACA increased dependent insurance (Barbaresco,

Courtemanche and Qi 2015), but did not substantially change the labor market out-

comes of young adults (Bailey and Chorniy 2016, Slusky 2015, Heim, Lurie and

Simon 2015, Kim 2015, Dahlen 2015, Sommers, Buchmueller, Decker, Carey and

Kronick 2013). Antwi, Moriya and Simon (2013) found a small decrease in in

the number of hours worked. Bailey (2013) also found that the law increased en-

trepreneurial activities. Most of these studies have also used a DID, except for
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Dahlen (2015) and Kim (2015) which utilized RD. Lastly, I am able to compare the

estimates across the state and federal reforms and across different data sets. I find

that self-employment and labor market outcomes are sensitive to the data used.

The remainder of this paper will proceed as follows: Section 2.1.1 provides

background on the legislative acts and timing of the state laws expanding dependent

coverage and the Affordable Care Act. Section 2.2 describes the empirical strategy

and the data. Section 2.3 discusses the results. The last section concludes.

2.1.1 Background: Changes in Adult Dependent Insurance

2.1.1.1 State Laws Regarding Health Insurance for Adult Dependents

Many states extended health insurance coverage for adult dependent chil-

dren before the ACA mandate went into effect. Table 2.1 summarizes the state laws

governing these expansions. As this table shows, there was variation in the timing

and eligible age groups across states. Utah was the first state to implement this

reform in 1995. Before these state expansions, young adults typically aged out of

their parents’ insurance when they were 19, or 23 if they were a full-time student.

Laws passed in states extended coverage to individuals as old as 31. Many of the

states placed restrictions on the eligibility of students beyond their age. All the

state reforms, except Rhode Island’s and South Dakotas, applied only to unmarried

young adults. Many of the laws limited coverage to young adults that were either

full-time students or financial dependents. Six states have statutes that allow cover-

age beyond a dependents’ 26th birthday. These states are Florida, New Jersey, New

York, Ohio, Pennsylvania, and Wisconsin.
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Table 2.1: State Reforms Extending Dependent Coverage to Young Adults

Implementation Limiting Restrictions
State Date Age Student Unmarried

Colorado January 2006 25 N Y
Connecticut January 2009 26 Y Y
Delaware June 2006 24 N Y
Florida July 2007 25 N Y
Florida October 2008 30 N Y
Idaho July 2007 25 Y Y
Idaho July 2007 21 N Y
Illinois June 2009 26 N N
Indiana July 2007 24 N N
Iowa July 2008 25 N Y
Kentucky July 2008 26 N Y
Louisiana January 2009 21 N Y
Louisiana January 2009 24 Y Y
Maine September 2007 25 N Y
Maryland January 2008 25 N Y
Massachusetts June 2006 25 N N
Minnesota January 2008 25 N Y
Missouri January 2008 25 N Y
Montana January 2008 25 N Y
New Hampshire September 2007 26 N Y
New Jersey January 2006 30 N Y
New Jersey January 2009 31 N Y
New Mexico July 2003 25 N Y
New York September 2009 30 N Y
North Dakota July 1995 22 N Y
North Dakota July 1995 26 Y Y
Ohio July 2010 28 N Y
Pennsylvania June 2009 30 N Y
Rhode Island January 2007 25 Y N
South Dakota July 2005 24 Y N
South Dakota July 2007 30 Y N
Texas January 2004 25 N Y
Utah January 1995 26 N Y
Washington January 2007 25 N Y
West Virginia July 2007 25 Y Y
Wisconsin (b) January 2010 27 N Y

Notes: Iowa and Texas had no maximum age for students. Wisconsin lowered the maximum
age from 27 to 26 for plans renewing on or after January 1, 2012 to be consistent with the
maximum age under federal regulations. Data from Cantor, Belloff, Monheit, DeLia and Koller
(2012) and National Conference of State Legislatures (NCSL)
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In addition to restrictions on student and marital status, the Employee Re-

tirement Income Security Act of 1974 (ERISA) allows multistate employers to

self-insure (or directly fund health care expenses of workers) in order to offer con-

sistent health benefits across states. Employers that offer a self-insured plan are

not required to cover health care services for state-mandated benefits, including

the dependent mandates. In 2013, 58.2% of individuals were covered in self-

insured plans. The number of employees covered in these plans ranged varied

across the states, ranging from a low of 35.5% in Hawaii to 73.5% in Nebraska

(Fronstin 2015). These restrictions mean that not all young adults below the cut-

off were eligible, which may bias the estimates downward. Unfortunately, I do not

have data on whether an individual’s health insurance is self-insured.

Although eligibility varies by student status, being a student is a potentially

endogenous choice. Therefore I apply the cutoffs for non-students rather than the

student cutoffs in this paper. The results do not change much with the use of higher

student age cutoffs. Eligibility also depends on marriage and/or financial depen-

dency. I limit the sample to unmarried young adults since married adults may have

access to health insurance through their spouse. Although marriage is also poten-

tially endogenous, it is likely that excluding individuals who get married for health

insurance will bias the estimates in favor of getting less significant results. Lastly,

a few states required that young adults be financial dependents. I do not have the

data to address this topic. To summarize, to estimate the the effect of the state re-

forms, the cutoff used is age and year policy for an unmarried, not-student that is

financially dependent, if required.
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2.1.1.2 The Affordable Care Act and the Young Adult Provision (2010)

The ACA required insurers who provide coverage for dependents to allow

young adults to stay on their parents plans until December 31 of the year in which

they turn 26. This was one of the first provisions to go into effect in September

2010.1 The ACA applied nationally and unlike previous state expansions, coverage

was not dependent on marital or student status. Further, because this was a national

policy, self-insured firms were not exempt. The main advantage of the ACA is that

it applied to more young adults than the state expansions. The main drawback is that

there was no variation in the age cutoff or timing, so the estimates may be biased

if, for example, other policies around the ACA effected 26 year olds differently

than 27 year olds. To my knowledge, there are no other large life events that occur

around an individuals 26th birthday. The ACA also included a penalty equal to 2.5

percent of household income for not having insurance and an employer mandate

requiring firms cover individuals working 30 hours or more a week went into effect

in January 2014.

A few authors have examined the ACA using differences-in-differences to

look at labor market outcomes (Kim 2015, Bailey 2013, Antwi et al. 2013) and

health insurance coverage (Levine et al. 2011). One other paper, Dahlen (2015),

uses an RD-design. She does not examine self-employment or the source of the

health insurance.

1Many health insurers announced that they would allow continued coverage of adult children
before such coverage would required by the Affordable Care Act (Federal Register 2010). This
could be problematic for the difference-in-difference estimate. I use post-2010 data.
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2.2 Methodology
2.2.1 Theoretical Effects of Dependent Health Insurance

Most health insurance is provided through employers. An individual that

decides to work for themselves, work part time, or not work at all may lose ac-

cess to that insurance for themselves or their dependents. If job lock exists, that

means that individuals with employer-provided health insurance are less likely to

leave their jobs for fear of losing their current health insurance (for example, due

to a pre-existing condition or cost differences between the employer-provided and

privately purchased insurance markets).2 Policies that expand dependent coverage

could break this link for young adults, theoretically making it easier for them to

leave full-time, benefits providing jobs. For young adults, this means in addition

to an increase in dependent coverage I would expect to see an increase in part-time

work, a decrease in wage work with benefits and/or an increase in self-employment

if job-lock exists.

Parents labor market outcomes may be pushed in the opposite direction.

With most employer-provided health insurance, workers need to enroll themselves

before they can enroll a dependent. This bundling means that it might be the case

that an individual would not enroll in health insurance just for herself because the

value of health insurance in that case is less than the cost, but would enroll herself

if the value of insurance for her young adult child was high enough (Koch 2015).

2 Gruber and Madrian (2002) offers a good summary of job-lock and a review of over 50 papers
on job-lock. They show that the job-lock literature has ambiguous results, but suggest that the most
convincing evidence is that health insurance matters in job mobility decisions.
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Expanded dependent coverage increases the value of insurance so it should increase

a parent’s own coverage (since some of those previously uncovered might now want

to add coverage). If job lock exists, a parent would be more likely to be in a full-

time job with an employer that provides benefit, so I would expect to see a decrease

in part-time work, an increase in wage work and/or a decrease in self-employment

for parents of eligible young adults.

If the quality of public insurance is perceived as inferior to private insur-

ance, there will be a substitution toward the private insurance for eligible young

adults. This “reverse crowdout” would mean that we could also see a decrease in

the uninsured rate that is less than the increase in dependent coverage (Antwi et

al. 2013, Levine et al. 2011). However, the low cost of public insurance might

mitigate this effect.

2.2.2 Empirical Approach

There are several challenges with identifying the effect of dependent cov-

erage on health insurance and labor market outcomes. An individual’s own labor

market status or their parents’ might affect their likelihood of enrolling in dependent

coverage and may be correlated with other non-observables. For example, a young

adult might be more likely enroll in her parents’ health insurance if she is working

part-time and not benefits eligible. On the state level, there may be unobserved

heterogeneity correlated with individual insurance coverage or labor market status

and the state policies on dependent insurance. There may also have been changes

over time in state insurance or labor markets that coincide with policies to expand
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dependent coverage. Failure to control for these trends and state differences would

bias the estimates.

I adopt a regression discontinuity (RD) design model around the dependent

insurance cutoffs to deal with these challenges. A few previous studies have used

these variations to look at insurance and labor market outcomes. Dillender (2014)

uses the state laws to analyze the effect on labor market and college education on

individuals that were 18 or younger when the mandates were implemented. This pa-

per adapts a strategy that is closer to that of Depew (2015), which looks at immedi-

ate labor market outcomes using a differences-in-differences-in-differences (DDD)

approach across eligibility, state, and time. The use of a regression-discontinuity

design that allows me to look at similar young adults just above and below the

cutoffs. One benefit of the RD is that it does not depend on the parallel trends as-

sumption, that eligible and ineligible groups were experience similar trends in the

variable of interest before the implementation.3 Unlike the ACA, which had one

cutoff age applied to all young adults, the variation in the age cutoffs across the

states reduces the likelihood that the results are being driven by labor market or

health activities around age 26.

I consider a RD model since there are strict cutoff ages and age is a variable

that cannot be easily manipulated. I would expect individuals just younger than

3I also explore a difference-in-difference (DID) model in Appendix B.2. The DID model relies
on the assumption that there are parallel trends between the treated and control groups before the
policy was implemented. Slusky (2015) finds that parallel trends might be violated around the ACA,
especially if the age band is wide. I examines this parallel trends assumption using both graphical
and regression methods. Even with a narrower bandwidth, there is some evidence that the outcomes,
especially the labor outcomes, do not have parallel trends.
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the cutoff to be more similar to those just above the cutoff than those far from it.

With no known policies that either affect all young individuals at age 26, the ACA

cutoff, or affect individuals at the state cutoffs across all states, the difference just

above and below the cutoffs can be seen as the difference between those that are

eligible for dependent coverage and those that are not. I start with a sharp RD

to confirm that there is a relationship between the cutoff age and the dependent

coverage of young adults. We can think of the discontinuity of eligibility to be

exogenous variation that that allows us to identify the causal impact of insurance

around the cutoff. I use zist = cst − ai as the assignment variable, where cst is the

cutoff in state s at time t and ai is the age of individual i. I model it this way so

that, following usual conventions, a positive z (in this case, meaning individuals are

younger than the cutoff) means that an individual is eligible for health insurance.

Thus the coefficient estimates are the estimated effect of dependent health insurance

eligibility on health insurance or labor market outcomes.

I use both parametric and non-parametric (local linear regression estima-

tion) methods to estimate the discontinuity at the age cutoff (Lee and Lemieux

2010). For the nonparametric estimation, I follow the standard data-drive approach

to choose the bandwidth that minimizes the mean squared error (MSE) (Imbens

and Kalyanaraman 2012). The local linear regression is estimated with a triangular

kernel. For each outcome variable, I also examine the sensitivity of the estimates to

choices of different bandwidths.

For the parametric estimation, I estimate the following with nonlinear and
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interaction terms:

Yist = β0 + β1Treati + β2f(cst − ai) + β3Treatif(cst − ai) + εist. (2.1)

where a is the age of person i and Treati is equal to one if individual i’s

age, ai, is less than the cutoff, cst, which varies by state (s) and time (t) in the case

of the state reforms, and 26 under the ACA. I estimate f(cst − ai) using varying

degrees of polynomials. β1 is the coefficient of interest, the treatment effect. β3

allows different slopes on different sides of the cutoff. The RD provides a local

estimate of the effect of gaining eligibility to dependent insurance on the outcome

variable, Yist. I estimate the RD using only data from the post-reform periods.

If we want to think about the effect of gaining dependent health insurance,

not just becoming eligible, under the cutoff, this would suggest a fuzzy RD design.

This treatment is only partly determined by whether the young adult is eligible for

dependent coverage. Using equation 2.1 to estimate the effect of gaining health

insurance on other outcomes will lead to biased estimates if the effect of gaining

health insurance is correlated with other unobserved variables and the error term.

I use a sharp RD to estimate dependent coverage and a fuzzy RD to estimate the

labor outcomes, using the treatment to instrument for health insurance coverage. A

fuzzy RD does not require that there is a sharp discontinuity at the cutoff, but just

that there is a discontinuity in the probability of the treatment at the cutoff.

To implement this I use Treati as a instrument for dependent coverage,
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DCist. I estimate this model with as a two-stage model:

Yist = β0 + β1DCaist + β2f(cst − a) + εist (2.2)

where

DCist = γ0 + γ1Treati + γ2g(cst − a) + εist. (2.3)

I also use a fuzzy RD for the parent’s outcomes, including the health insur-

ance outcomes.

2.2.3 Data

There are four large national surveys that provide data on both health in-

surance and labor market outcomes, but only two of them are contain fine enough

detail on birth dates and are appropriate for regression discontinuity.4 For the RD

design, I utilize the National Health Interview Survey (NHIS) and the Survey of

Income and Program Participation (SIPP). I cannot use the NHIS public use data

to look at the state laws because it does not contain state identifiers. Only the SIPP

allows me to look at the RD for both the state reforms and the ACA and to compare

the results.

4These are the Current Population Survey (CPS), the American Community Survey (ACS), the
National Health Interview Survey (NHIS), and the Survey of Income and Program Participation
(SIPP). I use the latter two to estimate the regression discontinuity estimates. The other two are dis-
cussed and used in Appendix B.2 for difference-in-difference estimates. The ACS contains quarter
of birth, but does not identify when in the year the data was collected.
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The SIPP is a nationally representative panel that is organized in four month

waves. Using SIPP data in this paper offers me the opportunity to compare the ACA

with the earlier dependent insurance expansions and to link parents outcomes to

children’s eligibilities. The data contains information pertaining to demographics,

employment, income, and health insurance. I use the 2008 panel, waves 1 - 16,

covering September 2008 to December 2013 and the 2004 panel, waves 1 - 12,

covering September 2004 to January 2008. Unfortunately, the SIPP panels are non-

overlapping and missing data from 2008. I have 8,514 young adults covered by

the state expansions and 12,223 covered by the ACA expansion. An individual is

defined to be self-employed if they reported owning a business in the sample wave.

Part time workers are those working less than 35 hours a week. Employer-Provided

health insurance is an indicator equal to one if the source of the respondent’s health

insurance was a current employer. Parent-provided health insurance was equal to

one if the respondent reported coverage was in their mother or father’s name.

Tables 2.2 and 2.3 give summary statistics for this data set. I split the statis-

tics into groups according to whether they were age-eligible for health-insurance

(younger than under the cutoff), and whether the data comes from the before or

after the young adult insurance mandate. I limit the data to a three year bandwidth

around the age of those eligible to the reform and a three year bandwidth around

the implementation of the reforms. In the first table, the difference between parent-

provided health insurance pre- and post-state reforms was 1.3 percentage points.

The difference for the control group was only 0.3 percentage points. The treated

also group saw a larger increase in private health insurance and health-insurance

53



provided by an employer.

In the second table, covering eligibility for the ACA, the treated group saw

a 8.7 percentage point increase in parent-provided health insurance. Young adults

over 26 saw just a 0.6 percentage point increase. During this period, private insur-

ance coverage went up for the treated group, but not as much as parent-provided

coverage, indicating that parental coverage may have just replaced the policies a

young adult would have bought for herself. Young adults in the treated group are

more likely to report having employer-provided health insurance after the ACA. I

do not see this large increase for the untreated group.

On the record for each young adult in the SIPP data the person number of

the parent, if present in the household, is recorded. I use this information to create

variables for the mothers and fathers of the young adults. Tables 2.4 and 2.5 show

the summary statistics for these parents. Young adults that live with their parents are

more likely to be unmarried, male, black, unemployed or low income earners, and

younger (Kreider 2007, Fry 2013). These young adults, especially the unemployed

and low income individuals, are more likely to benefit from becoming a dependent

on their parents’ health insurance, so the parental estimates may be overestimating

the effect on the broader population. However, approximately a quarter of all young

adults 18-34 live with their parents, so this represents a potentially large sample. All

parents experienced low rates of employer-provided health insurance and private

health insurance and employment in the post-ACA period.

The NHIS is a health-focused survey. Data includes 30,965 unmarried

young adults 23 - 28 years old between 2011 and 2013 (National Center for Health
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Table 2.2: SIPP Summary Statistics, State Reforms

Treated Not Treated

Pre-Reform Post-Reform Pre-Reform Post-Reform

Group:
Treated 1.000 1.000 0.000 0.000
Post-Reform 0.000 1.000 0.000 1.000

Insurance
Parent Provides HI 0.242 0.229 0.105 0.102
Has Private HI 0.613 0.555 0.572 0.552
Employer-Provided Health Ins. 0.489 0.442 0.479 0.465

Employment:
Self-employed 0.033 0.024 0.040 0.041
Wage-Worker 0.805 0.766 0.825 0.821
Part Time 0.316 0.334 0.286 0.299

Demographics:
High School 0.911 0.905 0.905 0.899
College 0.214 0.208 0.250 0.267
Metro 0.754 0.758 0.740 0.730
Male 0.502 0.496 0.500 0.514
White 0.790 0.787 0.776 0.790
Black 0.135 0.133 0.147 0.138
Asian 0.035 0.042 0.033 0.038
Hispanic 0.101 0.156 0.102 0.158
Enrolled in School 0.307 0.321 0.202 0.204

Person Observations 2,035 1,656 2,797 1,996
Observations 23,334 16,399 35,024 25,136

Notes: Data are from the 2004 and 2008 SIPP panels. Observations include only unmarried individ-
uals within 3 years of the cutoff age and 3 years of the implementation date. Summary statistics are
not weighted.
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Table 2.3: SIPP Summary Statistics (ACA)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post ACA 0.000 1.000 0.000 1.000

Insurance
Parent Provides HI 0.166 0.253 0.009 0.015
Has Private HI 0.511 0.560 0.501 0.499
Employer-Provided Health Ins. 0.414 0.464 0.428 0.422

Employment:
Self-employed 0.029 0.025 0.042 0.038
Wage-Worker 0.779 0.750 0.793 0.765
Part Time 0.301 0.294 0.261 0.252

Demographics:
High School 0.908 0.933 0.898 0.916
College 0.283 0.285 0.273 0.298
Metro 0.805 0.818 0.799 0.806
Male 0.525 0.528 0.507 0.527
White 0.740 0.741 0.726 0.737
Black 0.148 0.153 0.175 0.156
Asian 0.061 0.053 0.049 0.055
Hispanic 0.155 0.144 0.151 0.152
Enrolled in School 0.245 0.254 0.169 0.163

Person Observations 3,380 3,745 3,378 1,720
Observations 70,103 61,593 57,131 48,644

Notes: Data are from the 2008 SIPP panels. Observations include only unmarried individuals be-
tween the ages of 23 and 29. Post-ACA indicates observations after the implementation of the
Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table 2.4: SIPP Summary Statistics (Fathers)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post-ACA 0.000 1.000 0.000 1.000

Parent’s Insurance
Employer-Provided Health Ins. 0.645 0.615 0.572 0.564
Any Health Ins. 0.858 0.840 0.828 0.841
Has Private HI 0.790 0.760 0.743 0.735

Parent’s Employment:
Wage Workers 0.822 0.824 0.763 0.748
Self-Employed 0.155 0.145 0.146 0.119
Part Time 0.175 0.161 0.181 0.153

Parent’s Demographics:
High School 0.862 0.876 0.843 0.859
College 0.294 0.323 0.243 0.265
White 0.788 0.797 0.756 0.775
Black 0.111 0.118 0.120 0.117
Hispanic 0.132 0.162 0.133 0.165
Married 0.915 0.907 0.896 0.913

53.521 53.807 55.502 56.414

Person Observations 2,553 3,595 2,716 1,585
Observations 69,312 83,153 56,728 62,229

Notes: Data are from the 2004 and 2008 SIPP panels. Observations include only fathers of unmar-
ried individuals between the ages of 23 and 29. Post-ACA indicates observations after the imple-
mentation of the Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table 2.5: SIPP Summary Statistics (Mothers)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post-ACA 0.000 1.000 0.000 1.000

Parent’s Insurance
Employer-Provided Health Ins. 0.598 0.582 0.563 0.533
Any Health Ins. 0.820 0.812 0.809 0.793
Has Private HI 0.731 0.710 0.710 0.684

Parent’s Employment:
Wage Workers 0.733 0.707 0.699 0.671
Self-Employed 0.067 0.054 0.052 0.057
Part Time 0.244 0.203 0.217 0.204

Parent’s Demographics:
High School 0.861 0.871 0.854 0.851
College 0.248 0.267 0.225 0.231
White 0.734 0.749 0.724 0.711
Black 0.159 0.163 0.165 0.165
Hispanic 0.133 0.165 0.158 0.160
Married 0.707 0.713 0.662 0.672

50.726 51.308 52.820 53.643

Person Observations 2,582 3,695 2,698 1,750
Observations 69,312 83,153 56,728 62,229

Notes: Data are from the 2008 SIPP panels. Observations include only mothers of unmarried indi-
viduals between the ages of 23 and 29. Post-ACA indicates observations after the implementation
of the Affordable Care Act in September 2010. Summary statistics are not weighted.
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Statistics 2016). I use this survey in addition to the SIPP because it has a larger

sample, however it asks fewer details on the labor market and insurance outcomes I

am interested in. The public use data does not include state identifiers, so I can only

use the NHIS to examine the ACA reforms. Table 2.6 gives the summary statis-

tics for this data. NHIS asks whether insured individuals were covered under their

own name or someone else in the family. Since these individuals are unmarried,

the most likely source of insurance is their parents, although I cannot verify this

source. I use this information to create an indicator variable for non-spousal depen-

dent health insurance. The table shows that this type of coverage almost doubles for

the treated group, from 8.6 percent to 15.3 percent, but increases only 0.2 percent

for the non-treated group. The data also shows the treated group experienced an in-

crease in private health insurance. (The control group experienced a decrease). The

uninsurance rate dropped from 37.4 percent to 31.9 percent, while the uninsurance

rate for the control group increased over the same period.

I have two measures of self-employment in the NHIS. The first is an indi-

cator for the individual reporting self-employment income. The second comes is

based on the class of worker. An individual is classified as “self-employed” if she

mentions having self-employment income. I can only measure self-employment

income on the extensive margin, not on the intensive margin since I know neither

hours worked nor income earned. The self-employment rate went up by 0.5 percent-

age points for the treated group (a 13.5% increase), but decreased by 1.4 percentage

points (a 21% decrease) over the same period for the control group. Wage work and

full time work decreased for both groups over this same period. Compared to the
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Table 2.6: NHIS Summary Statistics

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated 1.000 1.000 0.000 0.000
Post-ACA 0.000 1.000 0.000 1.000

Insurance
Non-Spousal Dependent Ins. 0.086 0.153 0.039 0.041
Private Insurance 0.476 0.524 0.495 0.455
Employer Provided HI 0.592 0.550 0.667 0.627
Uninsured 0.374 0.319 0.350 0.367

Employment:
Wage Worker 0.718 0.683 0.746 0.722
Self-Employed Income 0.037 0.042 0.067 0.053
Self-Employed 0.026 0.023 0.039 0.032
Full Time 0.251 0.208 0.307 0.256

Demographics:
HS Diploma or GED 0.867 0.885 0.846 0.868
College 0.243 0.264 0.268 0.286
Male 0.508 0.509 0.506 0.498
White 0.697 0.693 0.682 0.684
Black 0.189 0.180 0.207 0.189
Hispanic 0.264 0.247 0.262 0.251

Observations 6,050 11,391 4,515 9,009

Notes: Data are from the 2007-2013 NHIS. Observations include only unmarried individuals be-
tween the ages of 23 and 29. Post-ACA indicates observations after the implementation of the
Affordable Care Act in September 2010. Summary statistics are not weighted.
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SIPP data, individuals were more likely to be classified as self-employed, and the

patterns of self-employment are opposite from what we observe. SIPP’s oversam-

pling of poor populations might explain some of this difference since the summary

statistics are not weighted. I use sampling weights for both surveys in the regres-

sions in this paper.

2.3 Results
2.3.1 Health Insurance Coverage

Although the state mandates and the ACA expanded health insurance eligi-

bility, the first question is whether young adults took advantage of these policies.

Figure 2.2a and 2.3a plot the average parental health insurance coverage by age bins

using the SIPP data for the pre-ACA state laws and the ACA, respectively. The dots

are the mean values by age (in months). The horizontal variable is the difference

between age and the cutoff, so that individuals to the left of 0 should be considered

“treated”. As one might expect, the figures show a clear increase in parental health

insurance for those younger than the age cutoff. The solid line is the local linear

regression with a triangular kernel and the MSE-minimizing bandwidth, 1.14 years

for the state laws and 0.68 years for the ACA. Taking the difference between the

parent-provided health insurance to the left and right of the discontinuity, the es-

timated effect of being eligible to remain on health insurance as a dependent is a

5.9 percentage point increase in parent-provided health insurance for those treated

by the state laws and a larger increase, 12.8 percentage points, for the ACA. Both

effects are large and statistically different from 0. It is not surprising that the ACA
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effect is larger since the reform covered more individuals. Appendix figures B.1a

and B.2a show that these estimated effects are robust to the choice of bandwidth.5

The first row of Table 2.7 gives the parametric estimates with the running

variable, z = cst − ai, modeled as quadratic, cubic, and quartic polynomial func-

tions. Column (6) uses a cubic polynomial and also includes controls for education,

sex, state, and race. The data include those 2 years above and below the age cut-

off. The estimates are all positive and significant for the ACA reform, ranging from

11.6 to 12.6 percentage point increase for the treated group. The same is true for

the state reforms, except for the quartic which is not significant at 10% level, but

similar in magnitude to the other estimates. Again the state reform estimates were

half as large as the ACA estimates.

I reestimate the impact of the ACA mandate using data from the NHIS.

These results are shown in Figure 2.4a and Table 2.8. Figure 2.4a shows a small

jump in insurance coverage as a dependent at the cutoff age of 26, suggesting that

there was some takeup of dependent insurance. At the MSE-minimizing bandwidth

of 1.5, this effect is 5.5 percentage points. The estimated effect is robust to the

choice of bandwidth, as shown in Appendix Figure B.3a. The parametric estimates,

given in Table 2.8 are similar, ranging from 4.9 to 5.4 percentage points. The es-

timates are less than half of the estimates from the SIPP data for the ACA, and

approximately the same as those estimates for the state reforms. By contrast, Kim

(2015) found a slightly higher estimate, a 7 percentage point increase in dependent

5I also ran these separately by gender. The results are similar.
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(a) Parental Health Ins. (BW=1.14) (b) Health Ins. in Own Name (BW=1.38)

(c) Employer-Provided Ins. (BW=1.46) (d) Any Health Insurance (BW=1.4)

Figure 2.2: State Reforms on Insurance Variables (SIPP Data)
Notes: Data is from the 2004 and 2008 Survey of Income and Program Participation (SIPP)
panels, before 2010 (ACA). State cutoff is the non-student cutoff. Data contain only unmarried
individuals. The scatter plot is the average outcome by age in months. The solid line is the
local linear regression with a triangular kernel and the MSE-minimizing bandwidth given in
parentheses. Panel (a) shows a large regression discontinuity which is not apparent in the other
panels.

63



(a) Parental Health Ins. (BW=0.68) (b) Health Ins. in Own Name (BW=0.93)

(c) Emp-Provided Ins. (BW=0.93) (d) Any Health Ins. (BW=1.1)

Figure 2.3: ACA Reform on Insurance Variables (SIPP Data)
Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP), 2011-2013,
a period after ACA young adult dependent insurance implementation. Data contain only un-
married individuals. The scatter plot is the average outcome by age in months. The solid line is
the local linear regression with a triangular kernel and the MSE-minimizing bandwidth given
in parentheses. Panel (a) shows a large regression discontinuity which is not apparent in the
other panels.
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Table 2.7: Parametric and Nonparametric RD Estimates (SIPP Data)

Nonparametric Parametric

(1) (2) (3) (4) (5) (6)
BW = 1.14 / 0.68 MSE-min Quad. Cubic Quartic Controls

Panel A: State Reforms
Parent Provides HI 0.059*** 0.059*** 0.066** 0.065** 0.058 0.075***

(0.010) (0.010) (0.020) (0.021) (0.039) (0.016)
Bandwidth 1.143 1.143

Private HI in Own Name -0.013 -0.008 -0.024 -0.006 -0.016 -0.001
(0.017) (0.015) (0.044) (0.071) (0.034) (0.033)

Bandwidth 1.143 1.376

Employer-Prov. HI -0.025 -0.027* -0.055 0.003 0.006 0.011
(0.017) (0.015) (0.057) (0.028) (0.030) (0.024)

Bandwidth 1.143 1.456

Any Health Ins. -0.022 -0.020 -0.039 -0.007 -0.007 0.004
(0.017) (0.015) (0.073) (0.094) (0.056) (0.055)

Bandwidth 1.143 1.441

Panel B: ACA Reforms
Parent Provides HI 0.128*** 0.128*** 0.116*** 0.126*** 0.122*** 0.124***

(0.007) (0.007) (0.013) (0.012) (0.015) (0.011)
Bandwidth 0.678 0.678

HI in Own Name 0.002 0.006 0.012 -0.011 -0.018* -0.017
(0.013) (0.011) (0.020) (0.009) (0.007) (0.012)

Bandwidth 0.678 0.929

Employer-Prov. HI 0.001 0.003 -0.003 0.008 0.008 0.001
(0.013) (0.011) (0.015) (0.014) (0.009) (0.015)

Bandwidth 0.678 0.929

Any Health Ins. -0.004 -0.001 -0.006 -0.008 -0.012 -0.016
(0.013) (0.010) (0.017) (0.010) (0.011) (0.013)

Bandwidth 0.678 1.075

Controls No No No No No Yes

Notes: Data are from the 2004 and 2008 SIPP panels. Nonparametric estimations are given
for the bandwidths of 1.143 (MSE-minimizing bandwidth for parental health insurance) and
the MSE-minimizing bandwidth for that variable. Parametric estimations are calculated for
individuals 24-27.
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coverage at the cutoff, using NHIS and a variation in RD model that accounts for

differences over time.

I estimate three additional insurance outcomes: whether an individual re-

ports having private insurance in their own name, employer-provided health in-

surance, or any insurance coverage. Most of these estimates were not significant.

There is some evidence with the NHIS data using the local linear regression that

private health insurance and total insurance rates increased after the ACA. Jumps

in the data are apparent in Figures 2.4b and 2.4d. With the SIPP data, the only

significant results are employer-provided health insurance at the MSE-minimizing

bandwidth for the state reforms and health insurance in one’s own name with a

quartic polynomial for the ACA. Neither of these variables are robust to different

bandwidths or specification. The result that health insurance coverage rates may not

be going up for eligible young adults is an interesting finding since one of the goals

of these reforms was to reduce uninsurance rates. However, I would expect either

insurance rates to be higher or health insurance coverage in one’s own name to be

lower for the treated group for the results to be consistent. This deserves further at-

tention with the variable specifications. Half of the young adults in the sample that

reported that their parents were the owner of their health insurance policy also re-

ported being covered by own plan. Dahlen (2015) also found no significant changes

in the uninsurance or private insurance rates after the ACA young adult provision

was implemented.

Next I turn to the parents to see whether young adults took advantage of

joining existing parents’ plans or whether parents changed their own insurance cov-
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(a) Non-Spousal Dep. Ins. (BW=1.42) (b) Private Health Ins. (BW=1.72)

(c) Emp-Prov. Health Ins. (BW=1.60) (d) Any Health Ins. (BW=1.21)

Figure 2.4: ACA Reform on Insurance Variables (NHIS Data)
Notes: Data is from the National Health Interview Survey, 2011-2013, a period after ACA
young adult dependent insurance implementation. Data contain only unmarried individuals.
The scatter plot is the average outcome by age in months. The solid line is the local linear
regression with a triangular kernel and the MSE-minimizing bandwidth given in parentheses.
Panels (b) and (d) show a discontinuity in insurance coverage which is not apparent in the other
panels.
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Table 2.8: Parametric and Nonparametric RD Estimates from NHIS

Nonparametric Parametric

(1) (2) (3) (4) (5) (6)
BW = 1.501 MSE-min Quad. Cubic Quartic Controls

Panel A: Insurance Variables
Non-Spousal Dependent Ins. 0.020** 0.020** 0.017 0.020 0.036* 0.018

(0.009) (0.009) (0.011) (0.016) (0.020) (0.016)
Bandwidth 1.501 1.417

Private Insurance 0.062*** 0.059*** 0.066*** 0.073** 0.067* 0.038
(0.019) (0.018) (0.022) (0.031) (0.040) (0.028)

Bandwidth 1.501 1.720

Employer Provided HI -0.002 0.001 0.003 -0.026 -0.021 -0.046
(0.020) (0.020) (0.024) (0.033) (0.044) (0.032)

Bandwidth 1.501 1.596

Insured 0.048** 0.046** 0.029 0.049 0.031 0.026
(0.020) (0.023) (0.023) (0.032) (0.042) (0.030)

Bandwidth 1.501 1.209

Panel B: Employment Variables
Wage Worker -0.010 -0.012 -0.006 -0.003 0.009 -0.013

(0.016) (0.015) (0.019) (0.026) (0.034) (0.026)
Bandwidth 1.501 1.699

Self-Employed Income -0.008 -0.008 -0.007 -0.007 0.004 -0.007
(0.008) (0.008) (0.009) (0.013) (0.016) (0.013)

Bandwidth 1.501 1.360

Self-Employed 0.009 0.009 0.010 0.007 0.019 0.009
(0.009) (0.009) (0.010) (0.014) (0.018) (0.014)

Bandwidth 1.501 1.317

Part Time 0.008 0.010 0.008 0.013 0.010 0.014
(0.006) (0.007) (0.007) (0.010) (0.013) (0.010)

Bandwidth 1.501 1.085

Controls No No No No No Yes

Notes: Data is from the National Health Interview Survey, 2011-2013. Nonparametric estima-
tions are given for the bandwidths of 1.501 (MSE-minimizing bandwidth for family-provided
health insurance) and the MSE-minimizing bandwidth for that variable. Parametric estimations
are calculated for individuals 24-27.

68



erage in order to give their children health insurance. Figures 2.5, 2.6, and 2.7 show

the health insurance outcomes of the parents by their young adult child’s age. In

both figures, the insurance rate on the left side, for those whose children are age-

eligible, appears higher than the right, but the discontinuity is not as clear. The

reduced form estimates from the fuzzy RD are given in Table 2.9. These estimates

are mostly positive but are sensitive to the choice of the included data and whether

control or year and state fixed effects are included. The coefficient for mothers

having private insurance is positive and significant for wide bandwidth, but this

is not robust to the selection of narrower bandwidths. It may be that parents are

slower to respond to changes in their children’s eligibility due to restrictions on

changing their own plans. The difference-in-difference estimates, using a three-

year bandwidth, suggest large increases in employer-provided health insurance for

both mothers and fathers (Appendix B.2.5).

2.3.2 Wage- and Self-Employment

Next I look at labor market outcomes of working for a wage, being self-

employment, and working part-time around the dependent insurance cutoff. Fig-

ures 2.8a, 2.9a, and 2.10a show the mean value of those working for a wage around

the cutoffs. Both of the graphs using the SIPP data show an unusual drop at the

eligibility cutoffs, even though this the cutoffs are different in the two reforms.

Graphically, wage work seems to increase as the individual ages toward the cutoff,

drops initially around the cutoff and then increase again a year after the individ-

ual ages out of dependent insurance. The drops are about 2 percentage points in
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(a) Priv. Ins. (Mothers, BW=1.2) (b) Priv. Ins. (Fathers, BW=1.4)

(c) Emp.-Prov. Ins. (Mothers, BW=1.3) (d) Emp.-Prov. Ins. (Fathers, BW=1.2)

Figure 2.5: ACA Reform on Parents’ Insurance Variables (SIPP Data)
Notes: Data is from the 2008 SIPP. The scatter plot is the average outcome by age in months
for the parents of young adults around age 26. The solid line is the local linear regression with
a triangular kernel and the MSE-minimizing bandwidth given in paretheses.
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Table 2.9: Fuzzy RD Estimates: Change in Parents’ Insurance Outcome Relative to
Dependent Insurance Take-up (SIPP Data)

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

Panel A: Mothers

Has Private HI 0.732 0.456 -0.178 0.652** 0.717** 0.552
(1.096) (4.346) (0.526) (0.320) (0.330) (0.502)

Employer-Provided Health Ins. 0.411 3.911 0.172 0.273 0.316 0.076
(1.336) (20.819) (0.464) (0.400) (0.401) (0.659)

Any Health Ins. 0.471 -2.319 -0.454 0.921** 1.015** 1.331*
(1.076) (16.266) (0.547) (0.391) (0.422) (0.799)

Panel B: Fathers

Has Private HI 8.705 1.166 -0.283 0.453 0.515* 0.318
(220.254) (1.658) (0.558) (0.292) (0.269) (0.382)

Employer-Provided Health Ins. -3.672 0.947 -0.119 0.549 0.593* 0.550
(110.633) (1.854) (0.557) (0.387) (0.360) (0.513)

Any Health Ins. 5.409 0.677 -0.142 0.249 0.284 0.148
(135.653) (1.237) (0.445) (0.277) (0.252) (0.363)

Bandwidth 0.5 1.0 1.5 2.0 2.0 2.0
State and Year FE No No No No Yes Yes
Controls No No No No No Yes

Notes: Data are from the 2008 SIPP. Only parents of unmarried young adults are included.
Variable “Treat” is used as an instrument for dependent health insurance coverage. Coefficient
on that variable is shown in the table above. Bandwidth is the MSE-minimizing bandwidth for
the parent-provided health insurance: 0.68 for the ACA and 1.41 for the state.

71



(a) Priv. Health Ins. (Mothers, BW=1.6) (b) Priv. Health Ins. (Fathers, BW=1.8)

(c) Emp.-Prov. Ins. (Mothers, BW=1.6) (d) Emp.-Prov. Ins. (Fathers, BW=1.6)

Figure 2.6: ACA Reform on Parents’ Insurance Variables (NHIS Data)
Notes: Data is from the NHIS, 2011-2013, a period after ACA young adult dependent insurance
implementation. Data contain only the parents of unmarried individuals. The scatter plot is the
average outcome by age in months. The solid line is the local linear regression with a triangular
kernel and the MSE-minimizing bandwidth given in parentheses.
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(a) Uninsured (Mothers, BW=1.6) (b) Uninsured (Fathers, BW=1.6)

Figure 2.7: ACA Reform on Parents’ Insurance Variables (NHIS Data)
Notes: Data is from the NHIS, 2011-2013, a period after ACA young adult dependent
insurance implementation. Data contain only the parents of unmarried individuals. The
scatter plot is the average outcome by age in months. The solid line is the local linear
regression with a triangular kernel and the MSE-minimizing bandwidth given in parenthe-
ses.

both reforms. Tables 2.8 and 2.10 reveal no significant estimates using paramet-

ric or nonparametric estimates using a sharp discontinuity. This is consistent with

the results of Dahlen (2015) and Kim (2015), who also found no change in these

employment variables around the ACA reforms.

Figures 2.8b, 2.9b, and 2.10b show the mean value of self-employment sta-

tus by age. All three graphs show that self-employment is increasing with age.

Graphically, the SIPP data shows a small insignificant drop for those aging out of

insurance in the state reforms and a large increase in the ACA reforms that starts

before the individual turns 26. There is no apparent jumps using NHIS. Figures

2.8c, 2.9c, and 2.10c look at part-time work. Working part time is very consistent

around the cutoff under the ACA. The state reforms show a drop around the cutoff,

but it appears on both sides of the data. The estimates in Tables 2.8 and 2.10 show
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(a) Works for Wage (BW=1.40) (b) Self-Employed (BW=1.13)

(c) Works Part Time (BW=1.43)

Figure 2.8: State Reforms on Employment Variables (SIPP Data)
Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP), 2011-2013,
a period after ACA young adult dependent insurance implementation. Data contain only un-
married individuals. The scatter plot is the average outcome by age in months. The solid line
is the local linear regression with a triangular kernel and the MSE-minimizing bandwidth.
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Table 2.10: Parametric and Nonparametric RD Estimates (SIPP Data)

Nonparametric Parametric

(1) (2) (3) (4) (5) (6)
BW = 1.14 / 0.68 MSE-min Quad. Cubic Quartic Controls

Panel A: State Reforms
Wage Workers 0.012 0.014 0.004 0.018 -0.004 0.018

(0.012) (0.011) (0.020) (0.053) (0.023) (0.057)
Bandwidth 1.143 1.403

Self-Employed 0.005 0.005 0.010 -0.002 -0.011 -0.003
(0.006) (0.006) (0.011) (0.026) (0.045) (0.030)

Bandwidth 1.143 1.132

Works Part Time -0.007 0.001 0.028 -0.004 -0.043 -0.005
(0.015) (0.013) (0.086) (0.074) (0.038) (0.073)

Bandwidth 1.143 1.430

Panel B: ACA
Wage Workers 0.009 0.013 0.016* 0.008 -0.005 0.005

(0.011) (0.008) (0.007) (0.013) (0.012) (0.014)
Bandwidth 0.678 1.237

Self-Employed -0.001 -0.002 0.001 0.001 0.004 0.001
(0.005) (0.004) (0.005) (0.002) (0.005) (0.002)

Bandwidth 0.678 0.869

Works Part Time -0.005 -0.009 -0.008 -0.004 -0.007 -0.004
(0.011) (0.008) (0.016) (0.016) (0.013) (0.016)

Bandwidth 0.678 1.288

Controls No No No No No Yes

Notes: Data are from the 2008 SIPP panels. Nonparametric estimations are given for the
bandwidths of 1.413 or 0.678 (MSE-minimizing bandwidth for parental health insurance) and
the MSE-minimizing bandwidth for that variable. Parametric estimations are calculated for
individuals 24-27.
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(a) Works for Wage (BW=1.70) (b) Self-Employed Income (BW=1.36)

(c) Self Employed (BW=1.32) (d) Part Time (BW=1.09)

Figure 2.9: ACA Reforms on Employment Variables (NHIS Data)
Notes: Data is from the National Health Interview Survey, 2011-2013, a period after ACA
young adult dependent insurance implementation. Data contain only unmarried individuals.
The scatter plot is the average outcome by age in months. The solid line is the local linear
regression with a triangular kernel and the MSE-minimizing bandwidth.
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that a sharp discontinuity yields mostly insignificant results.

The reduced form estimates for the fuzzy RD are given in Table 2.11. The

only variable with significant coefficients is working for a wage. Using the SIPP

data on the ACA expansions, for bandwidths of 2 years, young adults that are

included in their parents insurance are approximately 14 percentage points more

likely to work for a wage. This estimate is not robust to smaller bandwidths.

2.4 Conclusion

I estimate the effect of dependent coverage expansions on health insurance

and labor market outcomes using a regression discontinuity design. I look at two

sources of dependent coverage variation: the laws that expanded coverage in in-

dividual states and the ACA that expanded coverage to all individuals under 26.

Consistent with previous literature, I find evidence that these reforms had a large

impact on the insurance rates of young eligible adults and the source of their insur-

ance, but not on the labor market outcomes we might expect to be effected like self-

employment and part-time work. Using the SIPP data, I find that the state reforms

increased the probability that a dependent was on their parents health insurance

by 5.9 percentage points, the Affordable Care Act increased it by 12.8 percentage

points, and there was no statistically significant increase in the overall insurance

rate or any labor market outcomes. The NHIS estimated only a 0.2 percent increase

in non-spousal dependent insurance (most likely from parents), an increase of 4.8

percentage points in the insurance rate, and no statistically significant effect on la-

bor markets. The research does not prove that individuals do not consider health
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(a) Works for Wage (BW=1.27) (b) Self-Employed (BW=0.87)

(c) Part Time (BW=1.29)

Figure 2.10: ACA Reforms on Employment Variables (SIPP Data)
Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP), 2011-2013,
a period after ACA young adult dependent insurance implementation. Data contain only un-
married individuals. The scatter plot is the average outcome by age in months. The solid line
is the local linear regression with a triangular kernel and the MSE-minimizing bandwidth.
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Table 2.11: Fuzzy RD Estimates: Change in Labor Outcome Relative to Change in
Insurance

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

Panel A: State Reforms (SIPP)

Wage Workers 4.360 -0.274 -0.007 0.449 0.242 0.540
(43.065) (2.809) (2.065) (1.036) (0.753) (0.768)

Self-Employed -3.822 1.749 -1.475 -0.847 -0.672 -0.621
(36.678) (4.234) (2.645) (0.812) (0.532) (0.495)

Works Part Time -0.777 -1.984 0.370 -1.272 -1.225 -1.338
(12.061) (16.718) (2.052) (1.749) (1.278) (1.391)

Panel B: ACA Reforms (SIPP)

Wage Workers -0.096 0.083 0.112 0.142* 0.147* 0.141*
(0.158) (0.109) (0.084) (0.077) (0.077) (0.076)

Self-Employed 0.021 0.009 0.001 -0.005 -0.008 -0.008
(0.068) (0.047) (0.036) (0.033) (0.033) (0.033)

Works Part Time -0.058 -0.048 -0.076 -0.109 -0.114 -0.109
(0.171) (0.113) (0.088) (0.080) (0.080) (0.079)

Panel C: ACA Reforms (NHIS)

Wage Workers -0.511 -0.081 -0.438 -0.319 -0.338 -0.531
(0.651) (0.471) (0.462) (0.388) (0.376) (0.388)

Self-Employed 0.103 -0.267 -0.299 -0.222 -0.211 -0.214
(0.297) (0.229) (0.228) (0.186) (0.180) (0.186)

Works Part Time -0.310 0.860 0.520 0.498 0.468 0.512
(0.833) (0.953) (0.613) (0.559) (0.532) (0.582)

Bandwidth 0.5 1.0 1.5 2.0 2.0 2.0
State and Year FE No No No No Yes Yes
Controls No No No No No Yes

Notes: Data are from 2004 and 2008 SIPP waves and the 2007-2013 NHIS. Only unmarried in-
dividuals are included. Variable “Treat” is used as an instrument for dependent health insurance
coverage. Coefficient on that variable is shown in the table above.
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insurance when they are making labor market decisions, but it does suggest that

insurance plays at most a small role in those decisions.

I extend this analysis to look at the parents of young adults. The potential

spillover of these policies onto parents is something that has largely been ignored

in the economics literature. I find that the parents follow a similar pattern to young

adults in that they change their insurance choices, but not their jobs. This suggests

that we need to consider not just the effect of health insurance expansions on young

adult children, but also potential spillover to parents when we look at expanding

dependent coverage.

This work is not without its limitations. While state laws and the ACA ex-

tended eligibility, they did not require that parents purchase the dependent coverage.

In order to be eligible to enroll in employer-provided health insurance in the first

place, an individual typically has to work at least 40 hours per week6 and work in

a firm which offers insurance to its employers. This means that parents of eligi-

ble children likely to be affected, those parents working where employer-provided

health insurance is offered, are likely better off than the average young adult in the

population.

630 hours prior after the ACA employer mandates went into effect in 2014
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Chapter 3

Family Ties: Fertility and Domestic Migration in the
United States
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3.1 Introduction

The United States is one of the most mobile populations in the world (Spring,

Tolnay and Crowder 2016, Greenwood 1997). Childbearing has long been consid-

ered one of the main determinants of the propensity to migrate, along with age and

marital status (Spring et al. 2016, Rossi 1980). This understanding is mainly driven

by the negative relationship between the number of children and migration consis-

tently observed in the migration literature (e.g. Molloy, Smith and Wozniak 2011,

Gemici 2011, Clark and Withers 2007, Schachter 2004, Greenwood 1997, Sandefur

and Scott 1981, Long 1972).

As I discuss below, there are reasons to believe that fertility could have a

causal relationship on migration. For example, children could make the cost of

moving away from schools and childcare more costly or could lower the expected

future earnings of a mother. However, the relationship might also be due to un-

observed variables correlated with both fertility and migration. Migration and fer-

tility decisions are also made simultaneously so disentangling the two is difficult

(Dustmann 2003). Both of these mean that simple identification methods are not

appropriate.

I attempt to isolate the causal effect of fertility on migration outcomes by

using an exogenous fertility shock, twin births, as an instrumental variable. The

negative relationship observed in the data remains even with the use of this instru-

mental variable, suggesting that having more children reduces a parent’s mobility. I

find that an additional child decreases the probability that a woman has moved to a
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different Public Use Microdata Areas (PUMA)1 in the past year by 0.6 percentage

points (15% of the mean of the dependent migration variable). The results are the

same when the sample is limited to married women. With this instrument, I also

find that having an additional child decreases the probability that a woman lives in

a different state than the one she was born in, another migration measure. This find-

ing, while not conclusive, supports the theory that children may lead some women

to move closer to or remain close to extended family to help with their children.

Understanding the causal relationship between children and geographic mo-

bility is important because migration gives an individual a greater choice of jobs and

could increase wages. If children hinder migration, this could contribute to lower

wages for women. Additionally, understanding the causal relationship could inform

policies geared toward attracting individuals.

This paper contributes to the literature on fertility and migration. Only one

other paper has addressed the endogenous relationship between migration and fer-

tility outcomes using twins as an instrumental variable (Oliveira 2015). While that

paper studies Brazil, this paper complements it by examining another country with a

large and mobile population, the United States. This paper confirms the findings in

Oliveira’s paper that more children hinder the migration of women. Unlike studies

of international migration, the United States offers both considerable labor market

variation across counties and unrestricted movement between markets.

1A Public Use Microdata Areas (PUMA) contain at least 100,000 people and cover the entirety
of the United States. PUMAs are broader than MSAs to protect the confidentiality of respondents.
A PUMA contains one or more county.
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The remainder of the paper is structured as follows. Section 3.2.1 provides

a simple theoretical migration model and discusses the potential role that children

might play in the migration decision. Section 3.2.2 provides the empirical model

used for estimation and discusses the validity of the instrument. Section 3.2.3 de-

scribes the American Community Survey (ACS) data and the construction of the

twin instrument. Section 3.3 provides the results and I conclude in the last section.

3.2 Empirical Strategy
3.2.1 Theoretical Effects of Children on Migration

There are many reasons why people move. Previous literature has focused

mainly on job mobility and wage differentials (Spring et al. 2016).2 Job-related

moves, however, account for only 29.5 percent of between-county moves.3 Family

is also given with as a major reason for migration across county lines, accounting

for 22 percent of moves. Housing-related reasons, which could be influenced by

the number of children and the need for a bigger house, accounted for 28 percent of

moves. Figure 3.1 illustrates the relative importance of these reasons for migration

between counties. It shows that migration is largely driven by non-job reasons and

motivates my exploration into looking at children as a potential cause.

Economic models of family migration can provide some insights about the

role of children in the migration decision. Standard models view the migration de-

2See Greenwood (1997) for an overview of this literature.
3Author’s calculations using data from the Annual Social and Economic Supplement (ASEC) of

the Current Population Survey (CPS) (King et al. 2015).
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Figure 3.1: Reasons for Inter-County Migration

Notes: Author’s calculations using data from the Annual Social and Economic Supple-
ment (ASEC) of the 2013 CPS. All movers were asked the reason for their move. The
questionnaire offers 18 common reasons for moving, with an additional option to write-
in reasons. Individuals’ answers were collapsed into the categories above. The numbers
above the bars represent the percentage of individuals giving that category as an answer.
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cision as driven by weighing the costs and benefits of location choices. Consider

a simple family migration model based on human capital theory (Sjaastad 1962,

DaVanzo 1972, Sandell 1977, Mincer 1978) where the present value (PV) of a fam-

ily migrating from location i to location j is given by:

PVij =
T∑
t=1

Ujt − Uit − Cijt

(1 + r)t
. (3.1)

The net benefit of moving from location i to location j is the difference in

utility benefit for the family between the two locations, Ujt − Uit, and the cost of

moving is Cijt. The costs include direct costs, opportunity costs and psychological

costs (such as loss of quality of life). The internal discount rate is r. In this model,

a family will move only if the present value of benefits is great than the costs, that

is if PVij is greater than 0.

In this framework, children would decrease the probability of migration if

they decrease the net benefits or increase the economic costs of moving. Studies

have shown that women with children receive lower wages (e.g. Millimet 2000,

Waldfogel 1998). This could decrease the potential benefit she would expect to see

from moving if it compresses her potential to move up from her current position and

she expects to work. But it could also decrease the cost of a secondary mover who

may have trouble finding a second job. In this model, the largest benefits accrue to

the youngest women, so we might expect to see this effect decrease over time. I look

for heterogeneity among age groups as a way of testing this “return to migration”

hypothesis. However, children could also increase the net benefits of moving, for
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example when location j has better schools or is near extended family. There may be

a disutility cost of removing children from school, which would decrease migration.

This would be consistent with the observation that children 6-17 having the greatest

impact on mobility (Long 1972). These explanations suggest that there is a potential

causal effect for children on migration.

It could also be that unobservable characteristics that make women and fam-

ilies more likely to move also make them less likely to have children. There may be

other factors such as ability and earnings potential that are not observed in the data.

This would imply that the estimated effect is the result of omitted variable bias.

The model above also suggests that there might be simultaneity between the

variable of interest, fertility, and other variables that effect migration. One potential

issue is younger migrants have a longer horizon in which to recoup the costs of

migration and thus we would expect them to have a higher propensity to migrate.

Sjaastad (1962) suggests that migration may require training that is more worth-

while for a young individual which could also increase her likelihood of migrating.

At the same time, young individuals have had less time to bear children. This would

bias estimates of children on migration downward. It also underscores the need to

control for age in the specification. A second potential issue is that higher educated

individuals will migrate more because the expected gain in utility may be greater.

Higher education levels are also associated with fewer children.

The theoretical model described above suggests that having more children

could hinder migration, but that it is difficult to separate out the effect of children

from other factors that influence migration. To address that, I use an instrumental
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variable approach, which I describe in the next section.

3.2.2 Research Design

This paper aims to estimate the causal effect of the number of children on a

mother’s or family’s migration to a different labor market. To do so I need to find a

way to distinguish between migration due to changes in fertility and that correlated

with other unobserved characteristics. A simple comparison of the migration rates

for families of different sizes would not provide the right answer since these families

are fundamentally different.

First consider the following model of migration

Migrit = β1Kidsit + β2Xit + εit, (3.2)

where Migrit is an indicator equal to one if person i migrations after time

t. Kidsit is the number of children that a woman has, Xit are the control variables,

and εit is a random error term.4 β1 is the coefficient I would like to find. It tells us

the impact of the number of children on the probability of migration. The estimates

of β1 will be biased if there are omitted variables that influence both the decision

to have children and the decision to migrate. I address this endogeneity using twin

births as an instrumental variable for fertility.

4Note that I consider married and unmarried women, but not men. The reason for this is that
married men typically are moving with married women. There are very few unmarried fathers, and
even fewer with twins.
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Many economists have used unexpected fertility outcomes as instrumen-

tal variables for live births, including pregnancy while using contraception (Miller

2011, Lavado 2011), sex ratios (Angrist and Evans 1998), miscarriages (Hotz,

Mullin and Sanders 1997, Hotz, McElroy and Sanders 2005, Kearney and Levine

2012, Buckles and Munnich 2012, Ermisch 2003) and twins (Rosenzweig and Wolpin

1980, Oliveira 2015, Bronars and Grogger 1994). In this paper I focus on the twins

estimate because the other fertility measures are difficult to come by in a large

enough data set to make meaningful inference about migration.5 Rosenzweig and

Wolpin (1980) first proposed the use of twin births to address endogeneity in the

quantity-quality (Q-Q) model. The motivating idea behind the twins instrument is

that, by chance, a woman is given two children instead of one. The use of twins as

an instrumental variable is popular because it is clearly correlated with the number

of children, but seemingly affects other outcomes only though that channel.

The validity of the twins instrument relies on the random occurrence of

twins. There are at least three potential problems with using twin births as an in-

strument. The first is the concern that twins might not have a large impact on

number of children if families adjust by having fewer subsequent births. In the

first stage results presented later in Table 3.4, twins increase family by, on average,

more than one half of a child. Women are more likely to adjust as time has passed

(Braakmann and Wildman 2016), so additionally I examine windows closer to the

5I have also look at miscarriages using data from the National Longitudinal Survey of Youth
1979 but there is not enough data to draw a statistically significant or meaningful conclusion. This
is because both long-distance migration and miscarriages are a relatively rare occurrence. The results
were negative but not statistically significant due to large standard errors.
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birth of the eldest child. The first stage estimates of twins on the number of chil-

dren is large and significant, although less than one. A second concern is that twins

are more likely with fertility treatments such as in vitro fertilization (IVF) or drug

treatments. Those receiving these treatments are more likely to be high-income in-

dividuals that may also have higher migration rates. Although I am unable to see if

women in this data used fertility treatments, Braakmann and Wildman (2016) find

that the bias from accounting for these treatments is small. In Section 3.3.2.4, I

examine the relationship between fertility and migration using only data from prior

to the public take-up of IVF treatments.

A final concern is that having twins depends on maternal age and is more

common for women over 30. Although I control for age and age-squared, the con-

cern would be that twinning depended on a similar variable that was not observed.

The literature suggests that this relationship true for fraternal (dizygotic) twins,

but not for identical (monozygotic) twins, which are considered a random event

(Bortolus, Parazzini, Chatenoud, Benzi, Bianchi and Marini 1999, Farbmacher, Gu-

ber and Vikström 2016). While I cannot identify identical twins in the data, I find

that the results are robust to using only twins of the same sex, which are more likely

to be identical (see Appendix C.1).

I instrument the number of children using the twin status of her first birth as

an instrument. The two-stage least squares (2SLS) model used to estimate migra-

tion is :

Kidsit = β1Twinsi +Xitβ2 + εit (3.3)
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Migrit = γ1Kidsit +Xitγ2 + νit. (3.4)

where Twinsit is the twin outcome of a woman’s first birth. I look only at

the outcome of the mother’s first birth. Twins at first birth is used as an instrument

because mothers with twins at higher order births may be different from the sample

of all mothers as they have already decided to have more children (Rosenzweig and

Wolpin 1980, Oliveira 2015). Since I am looking at the outcome of the first birth,

women in this sample necessarily have at least one child. γ1 tells us the effect of an

additional child on migration.6

This estimation strategy limits the sample to women with at least one preg-

nancy and no previous children, whose pregnancy ended with the birth of at least

one child. It is worth pointing out that what we are estimating here is a local aver-

age treatment effect (LATE) (Imbens and Angrist 1994). It is important to consider

who the control and treatment groups are with this source of fertility variation.

Both those mothers that had twins and those that had singletons got pregnant. The

pregnancy of the treatment group ended in two children while the pregnancy of the

control group ended in a single child. Since all women in this sample have children,

this LATE is telling us the effect of additional child for a mother that has at least one

child and for mothers who cannot or do not adjust to a twin birth by having fewer

6Since the migration measure is a binary variables, readers might be interested in the probit
estimation. Both the two-step and maximum likelihood estimators used to estimate instrumental
variable probit require that the endogenous regressors be continuous (Wooldridge 2002). The en-
dogenous estimator here, the number children, is a discrete variable.
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children. This estimate will not tell us the impact of the first child,7 By limiting

most of the samples to married women, I am estimating family migration decisions,

which may be different than those of single parents.

3.2.3 Data

The data come from the Public Use Microsamples of the American Commu-

nity Survey (ACS) (Ruggles, Genadek, Goeken, Grover and Sobek 2015). The ACS

is the largest household survey in the United States which contains information on

migration and fertility. Although it contains less detailed information on fertility,

migration, and family history than other common surveys like the National Lon-

gitudinal Survey of Youth (NLSY) or Current Population Survey (CPS), the large

sample size allows me to capture enough twin samples for meaningful estimates.

The ACS data used are from 2005, the first year that the migration data was

collected, to 2014, the most recent year of publicly-available data at this time of

this research. I limit the sample to women with at least one child, whose eldest

child is less than 18 years old. I also limit the sample to mothers 25 to 64 years old.

Those respondents less than 25 years old are excluded since they may be in college

or living at home. Those 65 and older are likely to have retired.8 The large dataset,

just under 3 million observations of mothers, allows me to identify 45,993 mothers

whose first recorded pregnancy ended in a twin birth. Table 3.1 contains summary

7Miscarriages might be useful to estimate the first child effect, but I described previously, the
data limits the analysis I can do.

8The results remain largely the same if women as young as 22 or with no upper age limit are
included.
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statistics from this data. In addition to migration and twin variables, whose con-

struction is detailed below, the ACS offers demographic information (age, race,

education, marital status), location information (state, PUMA), and data on home

ownership.

Twins are not identified explicitly in the ACS. The twin indicator is gener-

ated from the data where two children sharing the same mother have the same birth

year and birth quarter. Having quarter of birth allows me to eliminate two children

that are born in the same year, but from different pregnancies. Following the works

of Rosenzweig and Wolpin (1980) and Oliveira (2015), I look only at the outcome

of the mother’s first birth. Approximately 1.6% of all first pregnancies result in twin

births in the data.9

Columns 2-4 of Table 3.1 compare the data for mothers with a first birth

that resulted in twins to those that resulted in a singleton. Singleton moms are

0.5 percentage points (13%) more likely to have migrated in the previous year and

have fewer children on average (0.55 fewer children). They are also more likely to

live in a state other than the one that they were born in (49.4% of singleton moms

compared to 48.5% of twin moms.) The average values of the variables in the table

are not significantly different when looking at all twin mothers (column 2) and only

those with same sex twins (column 3). There is a noticeable difference however

in the control variable values for the twin and non-twin moms. They are also 10.8

9This rate of 1.6% of all pregnancies is consistent with the CDCs estimate that 33.6 out of every
100,000 live births is a twin since each twin pregnancy results in two live births (Centers for Disease
Control and Prevention 2015).
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percentage points less likely to be college educated, 6.4 percentage points less likely

to own their home, and 1.3 years younger on average. Although these variables are

all used as controls in the estimation, the large differences are still quite problematic

and suggest that the instrument may not be exogenous.

The ACS reports whether a person moved in the previous year. The short

term-horizon might mean that the data is more likely to pick up temporary movers.

For this study, I define a migrant as being one who moves to a different PUMA,

either within the same state or to a different states. This is meant to capture in-

dividuals moving to a different labor market.10 I exclude those previously living

abroad to focus on internal migration within the United States. Around 4.3 percent

of mothers in our sample migrate between PUMAS every year. The rate is lower

for moms whose first birth was twins (3.8 percent) than for moms with a singleton

first birth (4.3 percent.)

Columns (4) and (5) of Table 3.1 separate out the data between movers and

non-movers.11 Movers have fewer children on average (1.939 children on average

for a non-mover versus 1.883 for a mover). On average, the mover’s children are

young (8.6 versus 10.8 years old). Movers are also more likely to have a college

education. One large difference between the two groups is the likelihood of owning

a house. Only 42 percent of movers own their home while 74 percent of non-

10Ideally we would know the population that crossed metropolitan statistical area boundaries,
since these are more likely to approximate labor markets, but an individual’s current and previous
MSA can only be identified if both are large enough to satisfy the confidentiality restrictions of at
least 100,000 people.

11A “mover” is an individual that moves between PUMAs.
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Table 3.1: ACS Summary Statistics

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

All Twin Twin Singleton Mover Non-Mover

Migrated 0.043 0.038 0.039 0.043 1.000 0.000
Non-Birth State 0.494 0.485 0.484 0.494 0.636 0.489
# Kids 1.936 2.458 2.492 1.928 1.883 1.939
Twins 0.016 1.000 1.000 0.000 0.015 0.016
Age Eldest 10.704 9.395 9.600 10.726 8.601 10.798
Age 38.490 39.786 39.625 38.469 35.259 38.634
High School 0.924 0.950 0.947 0.923 0.922 0.924
College 0.362 0.468 0.452 0.360 0.369 0.361
Married 0.793 0.830 0.828 0.793 0.764 0.795
White 0.768 0.808 0.803 0.767 0.724 0.770
Black 0.099 0.089 0.088 0.099 0.113 0.098
Owns Home 0.726 0.789 0.781 0.725 0.424 0.739
Metro Area 0.744 0.771 0.767 0.744 0.752 0.744
Employed 0.682 0.673 0.671 0.682 0.522 0.689
In Labor Force 0.731 0.717 0.716 0.731 0.614 0.736

Observations 2,843,694 45,993 29,353 2,797,701 121,481 2,722,213

Notes: Data are from ACS, 2005-2014. Sample restricted to women with at least one child,
whose eldest child is younger than 18. Summary statistics are not weighted. “Movers” are
those that migrated to a different PUMA in the previous year.

movers do. This might simply reflect the amount of time it takes to buy a house

after moving to a new location. Since I do not have time series data to know about

home ownership and employment before the move, these variables are not included

in the estimation as they may be endogenous to the move itself.

The ACS also asks respondents what state they were born in and records

which state they live in at the time of the survey. I consider whether a woman

resides in the same state that she was born in as another indicator of migration.

Rosenbloom and Sundstrom (2003) use this measure to examine migration in the
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United States. The advantages of this variable is that it allows me to use ACS data

prior to 2005, it is less likely to capture short-term moves, and a mother’s birth state

is the location where she is most likely to have family near by. This measure is not

directly comparable with the one-year migration rate. It is measured on the state

level and interstate migration is rarer than inter-PUMA migration. Is also captures

movement relative to a fixed location.12

Figures 3.2 and 3.4 show the relationship between these two migration mea-

sures and the number of children. In Figure 3.2, it is not immediately clear that

having more children decreases the one-year inter-PUMA migration rate. While the

migration rate initially decreases for the first and second child, it increases slightly

after that. Since these are averages, it could be explained by the differences in the

characteristics of someone having more than two children. Figure 3.4 on the other

hand shows a strong negative relationship between number of children and living in

a non-birth state.

I estimate the model on different samples along two dimensions to allow

for heterogeneity. The first is by age of the mother. Following Oliveira (2015) and

Rosenzweig and Wolpin (1980), I examine separately women under 30 and women

ages 31-40. I would expect younger women to experience stronger effects from

decreased returns to migration. I also limit the estimates to a time frame closer to

the first birth when mothers may have had less ability to adjust their fertility. I look

12For example, a woman who moves away from her birth state two years before but moves back
to her birth state within the previous year would be measured as having migrated by the one-year
measure, but not by the birth state measure.
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Figure 3.2: Moved PUMA in Previous Year by Number of Children

Notes: Author’s calculations using data from the ACS. The vertical axis shows the average
one year inter-PUMA migration rate by number of children.
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Figure 3.3: Moved PUMA in Previous Year by Age

Notes: Author’s calculations using data from the ACS. The figure shows the average one-
year inter-PUMA migration rate by age. The figure shows drops between 1 and 18 years
old and between 25 and 75 years old.
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Figure 3.4: Lives in Non-Birth State by Number of Children

Notes: Author’s calculations using data from the ACS. The figure shows that women with
more children are less likely to live in a state other than the one they were born in.
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Figure 3.5: Living in a Non-Birth State by Age

Notes: Author’s calculations using data from the ACS. The figure shows the average rate
of being in a non-birth state by age. It demonstrates an increasing slope before age 18,
a large jump around 18 that is likely driven by young adults either heading to college or
starting their own households, another increase until age 40, and then a drop between 40
and 60.
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within five and ten years of the first birth. For most of the specifications, I only

include married women. Married mothers may make very different joint migration

decisions than single mothers. Since married mothers make up the majority of

the observations in the sample, I cannot make any conclusions about the migration

behavior of unmarried mothers.

3.3 Results

I present the estimated effect of fertility on inter-PUMA migration in Sec-

tion 3.3.1 and the effect on living in a non-birth state in Section 3.3.2. In each

Section, I give the Ordinary-Least Squares (OLS) estimates to show the observed

relationship in the data and allow us to compare the results when using the instru-

mental variable. Then I discuss both the reduced form and two-stage least squares

(2SLS) estimates using twin births to instrument for the number of children. All

estimates also include controls for year fixed effects, age and age-squared, age of

eldest child, education, and race. These coefficients are omitted for clarity and to

save space.

3.3.1 Effect of Fertility on Inter-PUMA Migration

3.3.1.1 Non-Instrumented Estimates

Table 3.2 gives the OLS estimates for the number of children on the one-year

migration rate using the ACS data. The OLS estimates show a small but negative

correlations between the number of children and migration. For all women with at

least one child and an eldest child under 18, the estimated effect of an additional
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Table 3.2: Number of Children on Migration (OLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.001*** -0.002*** -0.001 -0.001*** -0.001* -0.001***
(0.000) (0.000) (0.001) (0.000) (0.001) (0.000)

Mean Dep. Var 0.043 0.041 0.081 0.047 0.071 0.057
F-Statistic 1347.0 1254.1 60.6 272.7 148.6 433.9
Observations 2,843,694 2,255,847 258,672 1,095,674 482,982 1,033,853

Notes: Table presents the coefficients of the number of children ever born on migration.
Data are from ACS, 2005-2014. Sample restricted to women with at least one child, whose
eldest child is younger than 18. Columns (2)-(6) restrict the sample to married women.
Column (3) includes only mothers 18-30 years old and column (4) only 31-40 year old
mothers. Columns (5) and (6) limit the sample to mothers of children 0-6 years old and
0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

child on migration is -0.1 percentage points, or a decrease of about 2.3% of the

mean migration rate. Only column 1 includes unmarried women in the sample. The

rest of the estimates are also -0.1 percentage points except for the entire married

sample, which is slightly larger at -0.2 percentage points (4.9% of the mean).

Following Oliveira (2015) and Rosenzweig and Wolpin (1980), I look at

heterogenous effects by the age of the woman. The magnitude of the coefficient

is similar but no longer significant (column 3) for mothers under 30. By contrast,

Oliveira (2015) found the largest effect for this group. It may be that an additional

child has a small effect relative to the benefits and costs that these young adults

would incur otherwise. However, it could also be due to the smaller sample size.

There are 258,672 mothers in this sample with 7,075 of them being twin moms.

Although these are large numbers, the small migration rate means that only 412
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Table 3.3: Twins on Migration (Reduced Form Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Twin -0.004*** -0.004*** -0.006 -0.004** -0.004* -0.005***
(0.001) (0.001) (0.005) (0.002) (0.002) (0.002)

Mean Dep. Var 0.043 0.041 0.081 0.047 0.071 0.057
F-Statistic 1343.2 1245.5 60.7 271.4 148.6 433.6
Observations 2,843,694 2,255,847 258,672 1,095,674 482,982 1,033,853

Notes: Table presents the coefficients of twins on the one-year migration rate. Data are
from ACS, 2005-2014. Sample restricted to women with at least one child, whose eldest
child is younger than 18. Columns (2)-(6) restrict the sample to married women. Column
(3) includes only mothers 18-30 years old and column (4) only 31-40 year old mothers.
Columns (5) and (6) limit the sample to mothers of children 0-6 years old and 0-10 years
old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

twin moms migrate in the sample.

3.3.1.2 Reduced Form Estimates

This section describes the reduced form estimates using the occurrence of

first-born twin to estimate the one-year migration rate. The coefficients show the

effect of an having a twin birth on the migration rate. These estimates are given in

Table 3.3. As with the OLS estimates, these are all negative and significant except

for the estimate for women under 30. These estimates are larger negative estimates

than the OLS estimates, with values between -0.4 to -0.5 percentage points. Al-

though the coefficients are small, they represent a large difference in the migration

rate. For example, for all married mothers, this estimate represents an increase of

9.8 percent of the mean migration rate.
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The difference in these estimates suggest that the OLS estimates are biased

toward being less negative and that children may have a larger effect than the OLS

estimates suggest. In addition, these estimates might be less than those for an ad-

ditional child since women may adjust their fertility by having fewer subsequent

births. I account for this in the 2SLS estimates in Section 3.3.1.3.

3.3.1.3 Two-Stage Least Squares Estimates

This section describes the results when I use twin births as an instrument

for the number of children. Unlike the reduced form estimates, this accounts for

the increase in the number of children from a twin birth being less than one. The

first-stage estimates on the first-born twin instrument are presented in Table 3.4.

The estimates are all large, positive and significant at the 1% confidence level. The

estimate for the full sample of mothers indicates that having twins for your first

birth increases the number of children by 0.699 children. As expected, all estimates

are less than one, indicating that some individuals that have twins reduce their fer-

tility later. The first stage results in Oliveira (2015) are much closer to one, with

estimates 0.91 to 0.94. The estimates are highest for the mothers under 30, with

twins increasing the number of children by 0.815. This large difference suggests

that mothers toward the end of their child-bearing years are more likely to respond

to having twins with a reduction in future fertility. The F-statistics are large and the

null hypothesis of a weak instrument is rejected with a Stock Yogo test (Stock and

Yogo 2005).

The 2SLS results are presented in Table 3.5. The results overall suggest
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Table 3.4: Twins on Number of Children (First Stage Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Twin 0.699*** 0.687*** 0.815*** 0.624*** 0.773*** 0.683***
(0.004) (0.004) (0.014) (0.007) (0.005) (0.005)

Mean Dep. Var 1.936 1.988 1.880 2.167 1.491 1.811
F-Statistic 33314.8 26300.6 6927.4 13632.6 9322.4 17951.4
Observations 2,843,694 2,255,847 258,672 1,095,674 482,982 1,033,853

Notes: Table presents the first stage estimates of Twins on the Number of Children. Data
are from ACS, 2005-2014. Sample restricted to women with at least one child, whose
eldest child is younger than 18. Columns (2)-(6) restrict the sample to married women.
Column (3) includes only mothers 18-30 years old and column (4) only 31-40 year old
mothers. Columns (5) and (6) limit the sample to mothers of children 0-6 years old and
0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

that children deter women’s migration. I find that an additional child decreases the

migration rate by 0.6 percentage points (or 14% of the mean migration rate.) This

coefficient estimate is both large and statistically significant at the 1% confidence

level. The estimates are slightly smaller for children under 5, with an estimated

0.5 percentage point decrease in the propensity to migrate with an additional child.

Consistent with the OLS and reduced form estimates, the resulting coefficient esti-

mate for mothers under 30 is negative but not significant.

3.3.2 Effect of Fertility on Living in Birth State

3.3.2.1 Non-Instrumented Estimates

In this section, I discuss the results using a woman living in a different state

than the one that she was born in as a measure of migration. Overall, 49 percent
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Table 3.5: Number of Children on Migration (2SLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.006*** -0.006*** -0.007 -0.006** -0.005* -0.007***
(0.001) (0.001) (0.006) (0.003) (0.003) (0.002)

Mean Dep. Var 0.043 0.041 0.081 0.047 0.071 0.057
Observations 2,843,694 2,255,847 258,672 1,095,674 482,982 1,033,853

Notes: Table presents the coefficients on the number of children ever born, instrumented
by twins at the first birth. Data are from ACS, 2005-2014. Sample restricted to women
with at least one child, whose eldest child is younger than 18. Columns (2)-(6) restrict
the sample to married women. Column (3) includes only mothers 18-30 years old and
column (4) only 31-40 year old mothers. Columns (5) and (6) limit the sample to mothers
of children 0-6 years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

of mothers between 25 and 65 lived in a different state than the one that they were

born in. This variable has an interesting average relationship with age (see Figure

3.5). For children it is increasing with age, with about 23 percent of 17 year olds

living in a different state than the one that they were born in. This shows how large

the U.S. migration rate is, even for families with young children. There is large

jump around 18 that is likely driven by young adults either heading to college or

starting their own households. The percent of the population living in another state

continues to increase until it reaches 51 percent of 40 year olds living in a different

state other than the one that they were born in. But then the percentage drops for

those between 40 and 55 years old. This suggests that there may be some mid-life

return migration. That drop, where individuals may be heading home to get help

with their children, is particularly interesting.
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Table 3.6: Twins on Living in Non-Birth State (OLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children 0.014*** 0.017*** -0.003 0.013*** 0.004** 0.009***
(0.000) (0.000) (0.002) (0.001) (0.002) (0.001)

Mean Dep. Var 0.489 0.513 0.450 0.507 0.519 0.517
Observations 1,666,146 1,307,543 146,951 628,788 280,688 601,106

Notes: Table presents the coefficients on the number of children. The dependent variable
is equal to one if a woman lives in a different state than the one she was born in. Data are
from ACS, 2005-2014. Sample restricted to women with at least one child, whose eldest
child is younger than 18. Columns (2)-(6) restrict the sample to married women. Column
(3) includes only mothers 18-30 years old and column (4) only 31-40 year old mothers.
Columns (5) and (6) limit the sample to mothers of children 0-6 years old and 0-10 years
old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

The OLS estimates, given in Table 3.6, are positive and significant for all

specifications except when limiting the sample to those under 30. That estimate is

negative but not significantly different from zero. These coefficients would suggest

that an additional child increases the probability that a mother moves away from her

birth state. For example, in column 1, increases the probability that a woman lives

in a non-birth state by 1.4 percentage points. Using the twins instrument, however,

gives very different results, as Sections 3.3.2.2 and 3.3.2.3 below show.

3.3.2.2 Reduced Form Estimates

Table 3.7 provides the reduced form coefficient estimates of twins on living

in a state other than the one a mother was born in. Like the reduced form estimates

on the migration indicator above, the results in Tables 3.7 implies a negative rela-
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Table 3.7: Twins on Living in Non-Birth State (Reduced Form Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Twin -0.014*** -0.013*** -0.031*** -0.022*** -0.009 -0.013***
(0.003) (0.003) (0.012) (0.005) (0.006) (0.004)

Mean Dep. Var 0.489 0.513 0.450 0.507 0.519 0.517
F-Statistic 8830.1 7640.3 667.5 3879.6 1630.6 3501.6
Observations 1,666,146 1,307,543 146,951 628,788 280,688 601,106

Notes: Table presents the coefficients of twins. The dependent variable is equal to one if
a woman lives in a different state than the one she was born in. Data are from ACS, 2005-
2014. Sample restricted to women with at least one child, whose eldest child is younger
than 18. Columns (2)-(6) restrict the sample to married women. Column (3) includes only
mothers 18-30 years old and column (4) only 31-40 year old mothers. Columns (5) and
(6) limit the sample to mothers of children 0-6 years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

tionship between the number of children and migration using the twins instrument.

The estimated coefficient shows that an additional child decreases the probability

that a woman lives in her birth state by 1.4 percentage points.

The coefficients are negative and significant in all of the columns except for

the mothers of very young children, which is negative but not significantly different

than zero. One potential explanation is that women move back home after their

children are born, as the dip in Figure 3.5 might suggest. In this scenario, it might

take a mother some time to migrate back. But another potential explanation is that

the data set is again too small to make the estimates significant. There are 8,011

first-born twins in the sample under the age of five.
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Table 3.8: Twins on Living in Non-Birth State (2SLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.020*** -0.019*** -0.039*** -0.036*** -0.011 -0.019***
(0.004) (0.005) (0.014) (0.007) (0.007) (0.006)

Mean Dep. Var 0.489 0.513 0.450 0.507 0.519 0.517
Observations 1,666,146 1,307,543 146,951 628,788 280,688 601,106

Notes: Table presents the coefficients on the number of children ever born, instrumented
by twins at the first birth. The dependent variable is equal to one if a woman lives in a
different state than the one she was born in. Data are from ACS, 2005-2014. Sample re-
stricted to women with at least one child, whose eldest child is younger than 18. Columns
(2)-(6) restrict the sample to married women. Column (3) includes only mothers 18-30
years old and column (4) only 31-40 year old mothers. Columns (5) and (6) limit the
sample to mothers of children 0-6 years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

3.3.2.3 Two-Stage Least Squares Estimates

The IV estimates in Table 3.8 are again larger than the reduced form esti-

mates to account for the first stage coefficient being less than one. The first column

in Table 3.8 suggests that having an additional child decreases the propensity to

be in a non-birth state by 2 percentage points every year. For women under 30,

the decrease is even larger. The estimated coefficient in column 3 suggests that an

additional child decreases the probability by almost 4 percentage points, and the

estimated coefficient remains large in column 4 for mothers 30-40 years old. As

with the previous table, the coefficient on having children under 5 is negative but

not significantly different from zero.
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3.3.2.4 Two-Stage Least Squares Estimates for Pre-IVF Migration

One of the biggest concerns with the previous estimates is that the were not

exogenous due to the use of fertility treatment by highly educated, high income

women. One of the benefits of this measure of migration is that it allows me to look

farther back into the data. Here I run the same regressions from part 3.3.2.2 using

only data from 1980 and 1990, prior to the large-scale expansion of IVF treatments.

The results are shown in data 3.9.

I find that during the 1980s and 1990s, an additional child made a mother

1 percentage points less likely to live in her birth state. A married mother was 1.2

percentage points less likely to live in her birth state. These estimates are slightly

smaller than those in the previous table.

3.4 Conclusion and Discussion

Migration allows women to gain access to better labor market opportunities

and higher incomes (Sjaastad 1962), but it is an investment that is costly, especially

for women with children. Although the determinants of migration have been stud-

ied extensively, little is known about the role of the size of the family. This paper

documents the relationship between fertility and internal migration in the United

States and finds some evidence that children limit mobility. Using twin births as an

instrumental variable for the number of children, I find that an additional child re-

duces the probability that a woman has moved to a different PUMA in the previous

year by 14%. I also find that it decreases the probability that a woman lives in a
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Table 3.9: Twins on Living in Non-Birth State (Pre-IVF 2SLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.010** -0.012*** -0.013 -0.017** -0.007 -0.008
(0.004) (0.005) (0.009) (0.007) (0.007) (0.006)

Mean Dep. Var 0.358 0.362 0.319 0.372 0.353 0.357
Observations 2,399,578 2,068,375 599,866 980,249 1,041,391 1,566,364

Notes: Data are from 5% Census sample, 1980 and 1990. This was a period prior to
the rise of IVF treatments. The table shows coefficients that are negative and similar to
the previous estimates. The dependent variable is equal to one if a woman lives in a
different state than the one she was born in. Table presents the coefficients on the number
of children ever born, instrumented by twins at the first birth. Sample restricted to women
with at least one child, whose eldest child is younger than 18. Columns (2)-(6) restrict
the sample to married women. Column (3) includes only mothers 18-30 years old and
column (4) only 31-40 year old mothers. Columns (5) and (6) limit the sample to mothers
of children 0-6 years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

non-birth state by 4% each year.

Oliveira (2015) found that an additional child reduced five year migration

rates by 6%. Using the same instrument and data from the United States, I find

that an additional child reduces the one year migration rate by 14%. Taken together

these studies suggest that children can have a large, negative impact on migration,

but they also suggest the need for further study into how this differs across coun-

tries and how fertility interacts with other variables that influence the propensity to

migrate.

Economists have been concerns with the slowdown in internal migration

rates in the United States (Spring et al. 2016). More research should also be done

into why the number of children impacts migration to understand the policy impli-
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cations of this study. For example, if the number of children leads to individuals

returning to their home states to have access to family child care, then implement-

ing more generous care policies could be one way to attract workers to an area.

If individuals are moving for housing, then there may be some benefit to housing

incentives.
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Appendix A

Does Public Health Insurance Increase
Self-Employment? Evidence from Medicaid

Expansions
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A.1 Interactions With Spousal Insurance

I use variation in spousal coverage to isolate the effect of Medicaid as an

alternative insurance option. Spousal coverage has been used in several previous

economic studies on job mobility and health insurance (Buchmueller and Valletta

1999, Fairlie et al. 2011, Holtz-Eakin et al. 1996, Madrian 1994, Wellington 2001).

I limit the sample to married men and women with spouses that are working, and

compare those individuals that have access to spousal coverage to those that do not.

If it is losing access to insurance that is driving the results, I would expect Medicaid

to have a stronger effect on individuals with no alternative health insurance option.

If individuals did not value access to health insurance in their self-employment

decision, then I would expect this effect to be zero. This can be described by the

following model:

SEijst = ρEEligijst+ρSCSCit+ρSCEEligist×SCit+Xijstρx+ρs+ρt+εijst (A.1)

Here SCit is a dummy equal to one if the spouse reports having private

health insurance coverage in his or her own name. This assumes that if a spouse

was offered employee-provided health insurance then their firm also offered plans

with dependent coverage, which is true for most but not all firms.1 A better variable

would be whether the spouse had access to insurance, regardless of whether he or

she took up coverage, but unfortunately those data are not available.

I use two instruments constructed from the simulated eligibility. The first

is the simulated eligibility variable, which varies depending on state-year-child age

1Firms often offer dependent coverage at a higher premium than employee coverage.
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cell. The second is the simulated eligibility variable interacted with the spousal

insurance variable. The control variables also include individual, family and spouse

characteristics. Fixed state and year effects were included in the model but are not

presented in the table. I model the outcomes for mothers and fathers separately.

One potential issue with this model is that spousal insurance could itself be

endogenous to the Medicaid expansions if gaining Medicaid eligibility for a child

makes the spouse less likely to keep their own insurance. This would bias our es-

timates on eligibility, making them larger. Another possible source of endogeneity

is that spouses make joint health insurance decisions. For example, knowing one

spouse is interested in self-employment, the other may sort into a job that offers

health insurance.

Table A.1 shows the estimated coefficients and robust standard errors. Columns

(1), (2), (3) and (4) show the first stage coefficients from the 2SLS regression for

eligibility and spousal insurance interacted with eligibility. As expected, the coef-

ficients on the simulated variable is positive for Medicaid eligibility, and the co-

efficient on the simulated variable interacted with spousal insurance is positive for

Medicaid eligibility interacted with spousal insurance. The negative coefficient on

the interaction term in Columns (1) and (4) indicate that individuals with spousal

insurance are considerably less likely to be eligible, even when the Medicaid gen-

erosity in a state is high.

Columns (3) and (6) give the FE2SLS estimates. The coefficient on Med-

icaid eligibility for fathers is positive, significant, and at 10.5 percentage points is

virtually identical to the one in the non-interacted model shown in Table 1.6. The
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coefficients on the interaction terms are not significant. This model provides no

evidence that insurance is driving the results.

Table A.1: Self-Employment, with Spousal Health Insurance Interactions

Fathers Mothers

(1) (2) (3) (4) (5) (6)
Elig Elig x Sp Self-Emp Elig Elig x Sp Self-Emp

Medicaid Eligibility of Youngest Child 0.105** 0.015
(0.045) (0.018)

Eligibility x Spouse HI 0.119 0.012
(0.089) (0.040)

Spouse Has Private HI -0.010 -0.010*** 0.006 -0.014 -0.004 0.011**
(0.008) (0.002) (0.008) (0.009) (0.003) (0.005)

Simulated Eligibility 1.237*** -0.065*** 1.654*** -0.136***
(0.070) (0.015) (0.062) (0.015)

Elig x Sp -0.912*** 0.439*** -1.302*** 0.578***
(0.070) (0.023) (0.062) (0.022)

Observations 31,848 31,848 31,848 39,842 39,842 39,842
F-Statistic 31.108 11.978 12.693 71.688 20.206 6.375

Notes: FE 2SLS regression with simulated Medicaid eligibility and simulated Medicaid eligibility x spousal health insurance
as an instrument. The dependent variable is self-employment. Also included, but not shown, are state and year fixed effects,
indicators for the age of the child, control variables, and a constant term. Robust standard errors are in parentheses.
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A.2 Medicaid Thresholds and Self-Employment

In Table A.2, I use Medicaid eligibility thresholds directly (either in thou-

sands or as a percent of the FPL) instead of simulated Medicaid. These coefficients

measure the effect of a one dollar (or one percent of FPL) increase in the eligibility

threshold on the various outcome variables.

SEijst = α1Thresholdjst +XijstαX + αs + αt + εijst (A.2)

The only significant coefficient is a small negative estimate for the eligibility

threshold in thousands for mothers. It is not surprising that these results are weak

since one would expect parents of marginally eligible children to respond more than

all parents.
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Table A.2: Medicaid Eligibility Thresholds and Self-Employment

(1) (2) (3) (4) (5) (6)
Self-Emp Business Inc Bus Inc > 0 Wage Non-Emp EPHI

Fathers:

Medicaid Threshold (1000s) 0.000 -0.008 -0.000 -0.000 -0.000 -0.001***
(0.000) (0.012) (0.000) (0.001) (0.000) (0.001)

Medicaid Threshold (% FPL) 0.005 -0.085 -0.002 0.001 -0.006 -0.001
(0.007) (0.164) (0.006) (0.007) (0.004) (0.007)

Observations 51,684 51,684 51,684 51,684 51,684 51,684

Mothers:

Medicaid Threshold (1000s) 0.000 -0.000 0.000 -0.001 0.000 0.001
(0.000) (0.003) (0.000) (0.001) (0.001) (0.001)

Medicaid Threshold (% FPL) 0.007 0.035 0.003 -0.004 -0.002 0.003
(0.004) (0.049) (0.004) (0.008) (0.007) (0.007)

Observations 65,042 65,042 65,042 65,042 65,042 65,042

Notes: Estimates are for adults ages 18 - 65 with at least one child under 18. Medicaid eligibility thresholds are given both in
thousands of dollars and as a percent of the FPL. Dependent variables are: (1) an indicator equal to one if a parent identifies
their main job as self-employment; (2) business income in thousands (2005 dollars); (3) an indicator equal to one if business
income is positive; (4) an indicator equal to one if parents identify their main job as wage or salary work; (5) an indicator
equal to one for parents with no employment; and (6) an indicator equal to one for if the parent has employer-provided health
insurance. Also included, but not shown, are state and year fixed effects, indicators for the age of the child and a constant
term. Robust standard errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Appendix B

Does Dependent Health Insurance Matter?
Measuring Health Insurance and Labor Market
Responses to Expansions in Dependent Coverage
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B.1 Regression Discontinuity Bandwidth Sensitivity

(a) Parental Health Insurance (b) Health Ins. in Own Name

(c) Employer Provided Health Insurance (d) Any Health Insurance

Figure B.1: State Reforms on Insurance, Bandwidth Sensitivity Using SIPP

Notes: Data is from the 2004 and 2008 Survey of Income and Program Participation (SIPP)
panels, before 2010 (ACA). State cutoff is the non-student cutoff. Data contain only unmar-
ried individuals. Graph shows the coefficients from an RD regression running a local linear
regression with a triangular kernel with varying bandwidths. The MSE-minimizing bandwidth
is shown with the dotted line. The error bars show the 95% confidence interval.
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(a) Parental Health Insurance (b) Health Ins. in Own Name

(c) Employer Provided Health Insurance (d) Any Health Insurance

Figure B.2: ACA Reform on Insurance, Bandwidth Sensitivity Using SIPP

Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP) panels,
prior to ACA (2010). Data contain only unmarried individuals. Graph shows the coefficients
from an RD regression running a local linear regression with a triangular kernel with varying
bandwidths. The MSE-minimizing bandwidth is shown with the dotted line. The error bars
show the 95% confidence interval.
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(a) Non-Spousal Dependent Health In-
surance (b) Private Health Insurance

(c) Employer-Provided Health Insurance (d) Any Health Insurance

Figure B.3: ACA Reform on Insurance Variables, Means by Age Using NHIS

Notes: Data is from the National Health Interview Survey, 2011-2013, a period after ACA
young adult dependent insurance implementation. Data contain only unmarried individuals.
Graph shows the coefficients from an RD regression running a local linear regression with a
triangular kernel with varying bandwidths. The MSE-minimizing bandwidth is shown with the
dotted line. The error bars show the 95% confidence interval.
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(a) Works for Wage (b) Self-Employed

(c) Part Time

Figure B.4: Estimated Effects With Varying Bandwidths for Insurance, from SIPP

Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP), 2011-2013,
a period after ACA young adult dependent insurance implementation. Data contain only un-
married individuals. Graph shows the coefficients from an RD regression running a local linear
regression with a triangular kernel with varying bandwidths. The MSE-minimizing bandwidth
is shown with the dotted line. The error bars show the 95% confidence interval.
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(a) Works for Wage (b) Self-Employed

(c) Part Time

Figure B.5: Estimated Effects With Varying Bandwidths for Insurance, from SIPP

Notes: Data is from the 2008 Survey of Income and Program Participation (SIPP), 2011-2013,
a period after ACA young adult dependent insurance implementation. Data contain only un-
married individuals. Graph shows the coefficients from an RD regression running a local linear
regression with a triangular kernel with varying bandwidths. The MSE-minimizing bandwidth
is shown with the dotted line. The error bars show the 95% confidence interval.

125



(a) Works for Wage (b) Self-Employed

(c) Part Time

Figure B.6: Estimated Effects With Varying Bandwidths for Employment, from
NHIS

Notes: Data is from the National Health Interview Survey, 2011-2013, a period after ACA
young adult dependent insurance implementation. Data contain only unmarried individuals.
Graph shows the coefficients from an RD regression running a local linear regression with a
triangular kernel with varying bandwidths. The MSE-minimizing bandwidth is shown with the
dotted line. The error bars show the 95% confidence interval.

B.2 Difference-in-Difference Estimates
B.2.1 Empirical Approach

In addition to the regression discontinuity design models, I explore using a
differences-in-differences (DID) model. I measure how much the outcomes change
after the polices are implemented for those that would be eligible for dependent cov-
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erage under these reforms (the “treated” group are those that would be age eligible
under a state reform, even prior to the reform) relative to a group that is similar the
treated group, except that they are not eligible for the coverage (the “control” group
consists of individuals just past the age cutoffs.) This first difference, the change
over time, removes the time-invariant heterogeneity between the groups. The sec-
ond difference, between the groups, removes the influence of trends in outcome
variables that affected both groups regardless of dependent coverage. I estimate the
following regression:

Yiast = α1(Treatas × Postst) + α2Treatas + α3Postst +XiastαX + εiast, (B.1)

where Yiast is the outcome variable (e.g. self-employment) for individual i
of age a in state s at time t. Treatas is an indicator equal to 1 if the young adult’s age
a is under the maximum cutoff age in state s and eligible to remain as a dependent on
their parents’ health insurance under that state’s reforms, or under the ACA cutoff
of 26 years. Postst is an indicator equal to one if the dependent health insurance
law is in effect in state s at time t.

For the state reforms, I have the variation across states, time, and age cutoffs.
I expand the model to include age by state and age by year fixed effects:

Yiast = α1(Treatas × Postst) + θas + θat +XiastβX + εiast, (B.2)

α1 is the coefficient of interest that shows the effect of dependent health in-
surance eligibility on labor market outcome. θas and θat are age by state and age
by year fixed effects, respectively. Since most states only experienced one policy
change during this period, there is not enough variation in the data to identify state
by year fixed effects in the state reform models. Xiast is a vector of control vari-
ables. With a fixed effect model, the identification comes from the variation in state
policies that expanded dependent health insurance to new age groups. Even with
fixed effects in the model to control for observables, there might still be policy en-
dogeneity. That is, states that expanded dependent coverage may have introduced
legislation expanding dependent care because of unobserved variables (such as a
healthy labor market) that also could affect the outcome, introducing omitted vari-
able bias.
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For the ACA reforms, the dependent coverage expansion was implemented
uniformly across the states at the same time. Since I have no variation across the
age groups or states, I can only include state by year fixed effect.

Yiast = α1(Treatas × Postst) + α2Treatas + θst +XiastβX + εiast, (B.3)

The DID model relies on the assumption that there are parallel trends be-
tween the treated and control groups before the policy was implemented. Slusky
(2015) finds that parallel trends might be violated around the ACA, especially if the
age band is wide, due to differing labor trends between the different age gaps. I
adopt a smaller age range than Cantor et al. (2012), Sommers et al. (2013) or Antwi
et al. (2013) as Slusky suggest that this might cut down on the error. I examines
this parallel trends assumption using both graphical and regression methods. Even
with a narrower bandwidth, there is some evidence that the outcomes, especially
the labor outcomes, do not have parallel trends.

B.2.2 Data

If I do not need finer detail on the age of the respondents, I can use the
CPS and the ACS. CPS estimates are taken from the March supplements (King et
al. 2015). I use data between 2000 - 2013. This represents 34,122 observations cov-
ering the period of the state reforms and 67,000 observations covering the period of
the ACA. Tables B.1 and B.2 show summary statistics for this data. The CPS asks
survey respondents to recall insurance coverage during the previous calendar year.
Health insurance questions have been asked since 1988. Individuals that reported
having private insurance coverage were asked if they had coverage as a dependent
on employment-based health insurance plan. As with the NHIS data, these individ-
uals are unmarried so the source of this insurance is likely the parents. The treated
group saw a much smaller increase in dependent insurance coverage during the state
reforms (2.4 percentage points) than around the ACA (10.8 percentage points). The
control group also saw their dependent insurance rates rise, but by smaller amounts
(1.4 and 3.3 percentage points). Eligible young adults saw an increase in overall
insurance coverage, but this increase was smaller than the increase in dependent
insurance suggesting that there may have been crowding out.

The CPS defines self-employed as sole proprietors and partners of unincor-
porated businesses. The state reforms saw no change in average self-employment
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before and after the reforms for either group. After the ACA mandate, self-employment
actually dropped for both groups. The DID estimator is not significant. On average,
wage work decreased and part time work increased for both groups before and after
the reforms.

I also use the American Community Survey, or ACS (Ruggles et al. 2015).
The ACS has the largest sample size, surveying over 3 million individuals each
year, roughly 30 times larger than the CPS samples, although the public use data
is smaller than that. ACS has data for 983,286 young adults from 2011-2013. The
ACS is a mandatory survey that respondents legally required to respond to, with
response rates typically above 95%.1 The ACS health insurance questions are asked
about each person in the household. The ACS question asks about insurance at the
time of the survey instead of retrospectively over the previous year as CPS does.
One key variable that the ACS does not provide is the source of health insurance,
so we do not know whether young adults with private insurance are dependents or
whether they have purchased their own insurance.

Table B.3 provides summary statistics of the ACS data. The table shows
that the treated group, 23 to 25 year olds, experienced large increases in employer-
provided health insurance (6.8 percentage points) while the control group, 27 to 29
year olds, saw decreases (3.2 percentage points). The same pattern was true for
private health insurance, which increased 6.2 percentage points for the treatment
group and decreased 2.2 percentage points for the control group. Both groups saw
increases in health insurance, but the increase was larger for the treated (7.7 percent-
age points) than the control (0.8 percentage). There were no notable differences for
the employment variables. Wage work, self-employment, and usual hours worked
decreased for both groups, while part time work increased slightly.

Table B.4 and B.5 summarizes the data for the parents of these young adults.
I can only track the parents of those young adults that live within the same house-
hold as their parents at the time of the survey. This data represents 342,050 mothers
(34% unmarried young adult’s mothers) and 267,899 fathers (27% of unmarried
young adult’s fathers). ACS collects less detailed information about living arranges

1American Community Survey Response Rates, http://www.census.gov/acs/www/methodology/sample-
size-and-data-quality/response-rates/, accessed 4/1/2016. The response rate was above 90% for all
the years used here except 2013 due to the government shutdown.
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than the SIPP and does not track the changes in household over time. A few things
stand out from these summary statistics. First, the pre-ACA means look more sim-
ilar for the parents of the treated and control groups than they do for the young
children. Second, for all the health insurance and labor market variables except for
employer-provided health insurance, treated and control parents look very similar.
Third, for both mothers and fathers, the treated group experienced a large increase
in employer provided health insurance (12.7 percentage points or 27% for mothers
and 14.1 percentage points or 28.5% for fathers.) The control group on the other
hand saw small decreases over the same time period.

B.2.3 Results

B.2.4 Parallel Trends

Figure B.9a plots mean dependent insurance rates by year for two groups of
young adults, those 23-25 years old that would be affected by the ACA and those
27-29 years old that would not. These are calculated from CPS data using only
unmarried individuals. I cannot rule out the parallel trend assumption on dependent
insurance from this graph. Prior to the 2010 ACA reforms, both groups experienced
flat, similar trends of dependent insurance utilization. While 23-25 year olds expe-
rienced a large take-up in dependent insurance, 27-29 year olds also experienced a
small increase. With the other two datasets the graphs suggest two different trends
around the implementation date. Figures B.10a and B.12a show that the control
group has a flat rate of parental insurance while the treatment group is increasing
well before the ACA. This would introduce bias into the estimates and I am there-
fore skeptical of these results.

The other insurance measures around the ACA cutoff, shown in Figures B.9,
B.12, and B.10. B.12, show very different pre-trends for the control and treatment
groups in overall insurance rates and employer-provided health insurance.

Looking at the State reforms, the pre-trends look more similar between the
treated and control groups. These are shown in Figures B.11a and B.8a. In both
graphs, the dependent health insurance measures are flat before implementation.
After implementation it increases for both the treated and control groups, but the in-
crease looks slightly larger for the treated. Figure B.8a.shows a larger jump around
the implementation date.
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I can test the pre-ACA trends using the following equation for the years
prior to the implementation of the ACA:

Yiast = γ1Treata × Y eart + γ2Treata + γ3Xiast + γt + γs + εiast. (B.4)

A significant coefficient for γ1 here would suggest that the two groups had
different trends prior to implementation. Table B.16 shows the results of this esti-
mation. The results also suggest that the treatment and control groups might have
had different trends before the ACA was implemented.

B.2.5 Health Insurance Coverage

Figures B.7 through B.12 plot the average coverage for individuals within
two years of the cutoff age. Figure B.7, plotted using ACS data, both groups show
parallel trends before and after the ACA young adult mandate went into effect on
three insurance measures: employer provided health insurance, no health insurance,
and private health insurance. With all three measures, there is a clear jump at 2010,
the year the ACA was implemented. The difference-in-difference estimate is 7.3
percentage point increase in private insurance, a 9.3 percentage points increase in
employment provided health insurance and a 6.2 percentage point for any health
insurance. These results are robust to different specifications, as shown in Table
B.6.

Figure 11 and Table 18 show only a small estimate for dependent coverage
in state reforms using CPS, between 1 and 3 percentage points. For the ACA, given
in Figure 12 and Table 19, it increases up to 8.2 percentage points. This estimate
is one percentage point below the ACS estimates. Both are met with decreases in
private health insurance. I do see a spike in employee provided health insurance
around 2010, but the difference between these two groups disappears if we remove
2010 from the data.

Dependent insurance in Figure 13a and 15a show dependent health insur-
ance rates.n insurance for the control group. The treatment group seems to be grow-
ing well before it approaches the cutoff. Looking at the graphs, however, there is
evidence that Panels (b) - (d) may violate the parallel trends assumption. I discuss
this further in the Appendix.
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There is a tradeoff between increasing the sample sizes by adding more
individuals further away from the cutoffs, and keeping a small band around the
cutoff but having more similar individuals. Slusky (2015) showed that using too
wide of a range around can lead to capturing false significant effects over placebo
dates. Antwi et al. (2013) and Kim (2015) use DID strategies to examine the ACA
in which they adopt wider cutoffs. They found a 3.2 percentage point increase and
a 10.8 percentage point increase in dependent coverage, respectively. Heim and
Lurie (2014) use a similar cutoff as I do with tax data and find the ACA young adult
provision is associated with an increase in the likelihood of young adults working
at a primary employer that offered health insurance, the opposite effect that would
expect. Blum, Kleinman, Starfield and Ross (2012), Depew (2015), and Monheit
et al. (2011) use a variations on DID approaches around the state reform cutoffs.
Blum et al. (2012) and Monheit et al. (2011) find no change in total insurance rates.

Figure B.13 (Cont.) shows the DID insurance outcomes for the parents of
treated and untreated young adults. In all panels, the pre-trends look remarkably
similar. Panels (a) and (b) show large jumps in employer-provided health insurance
for mothers and fathers, respectively. Table B.12 shows that these increases are
large (14.4 percentage points for mothers and 15.9 percentage points for fathers),
significant, and hold up to the inclusion of control variables and state fixed effects.
The difference is the overall insurance rate and the private insurance rate is small
by comparison, a decrease of less than 1 percentage point. This would suggest that
the composition of insurance is changing – that parents are picking up employer
provided health insurance in place of other insurance so that they can cover their
dependents.

I redo the analysis for parents using the SIPP data. Unlike the ACS data,
Figure B.14 (Cont.) shows neither the same parallel trends between the treated
and control groups, nor any clear breaks around the ACA implementation. Parents’
employer provided health insurance, private insurance and total health insurance
trends are decreasing for the parents of 27-29 year old in this data well before ACA
implementation in 2010, but the same trend is not seen in the parents of 23-24 year
olds, which remains relatively flat. Although the treated group has higher rates
of employer provided health insurance and private health insurance, there is no
evidence that the difference is due to the policy. The DID estimates, given in Table
B.13, are not significant.
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B.2.6 Wage- and Self-Employment

The DID estimates give mixed evidence on wage-employment, self-employment
and part-time labor, with no results holding up across the different data sets. I find
negative, significant DID estimates of working for a salary or wage around the ACA
implementation when using ACS and SIPP data. These estimates are given in Panel
B of Table B.6 and Table B.10, respectively. The ACS estimates (-0.5 to -1.2 per-
centage points) are smaller than the SIPP estimates (-4.4 to -4.6 percentage points).
Table B.7, Panel B, also shows a negative, significant DID estimate around the state
reforms using CPS data (-2.2 to 3.1 percentage points). For the other estimates, the
results are not significantly different from zero. By contrast, only Hahn and Yang
(2016) found a reduction in individuals who were working at all.

There is only weak evidence that individuals might be cutting back their
hours. In Table B.6, showing the DID estimates for the ACA using the ACS data,
the coefficient on working part time is positive and significant at the 5% level (0.8
to 0.9 percentage points). Table B.8 using the CPS data also shows a significant
coefficient, but only the first column with no state fixed effects. Both Antwi et al.
(2013) and Depew (2015) found a decrease in the number of hours worked.

Figure 21 (b) shows a drop in individuals reporting self-employment income
in 2010 for young adults 24 - 25 years old in the NHIS data. Young adults 27-29
did not experience a similar drop, instead remaining relatively flat around 2010.
Table 20, panel (b) shows that the DID estimate,1.4 percentage points without the
inclusion of individual level controls, is significant at the 10% confidence level.
Once controls are included, it drops down to 0.6 percentage points and is no longer
significant. I do not see evidence that self-employment changed significantly in
any other specification. One reason for the difference might be the measure of
self-employment here is measured as receiving self-employment income rather than
being self-employed as one’s main job. It could be that individuals switch to self-
employment on the intensive rather than the extensive margin.

Figures B.21 (Cont.) and B.22 (Cont.) show the parents’ labor market out-
comes for parents of young adults around the ACA implementation. With the ACS
data, the two groups look similar with no obvious discontinuity around the ACA
implementation. The estimates in Table B.14 show that the DID estimate on wage
work is negative and significant for mothers, a small drop of 0.9 to 1.3 percentage
points. This sign is the opposite of what I would expect. The DID estimates on
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wage work for fathers, self-employment for both parents, and part-time work for
both parents are not significant. Table B.15 presents the results using the SIPP data.
The DID estimate for fathers’ self-employment is -4.9 percentage points, which is
approximately equal to the drop in self-employment for the treated group at 2010.
However, these graphs are noisy and the the non-parallel trends suggests that one
might get different results with a placebo test.
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(a) Employer-Provided Health Insurance (b) No Health Insurance

(c) Private Health Insurance

Figure B.7: ACA Reform on Insurance, DID (ACS Data)

Notes: Data is from ACS, 2007-2013. Data contain only unmarried individuals. Bins are year
increments.
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(a) Non-Spousal Dependent Health Ins. (b) Ins. in Own Name

(c) Employer-Provided Health Insurance (d) Any Health Insurance

Figure B.8: State Law Reform on Insurance Variables, DID (CPS Data)

Notes: Data is from CPS, 2000 - 2009, a period before ACA young adult dependent insurance
implementation. Data contain only unmarried individuals. Bins are year increments.
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(a) Non-Spousal Dependent Health Ins. (b) Ins. in Own Name

(c) Employer-Provided Health Insurance (d) Any Health Insurance

Figure B.9: ACA Reform on Insurance Variables, DID (CPS Data)

Notes: Data is from CPS, 2007 - 2013. Data contain only unmarried individuals. Bins are year
increments.
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(a) Non-Spousal Dependent Health Ins. (b) Private Health Insurance

(c) Employer-Provided Health Insurance (d) No Health Insurance

Figure B.10: ACA Reform on Insurance Variables, DID (NHIS Data)

Notes: Data is from NHIS, 2007-2013. Data contain only unmarried individuals. Bins are
quarter year increments.
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(a) Non-Spousal Dependent Health Ins. (b) Private Health Insurance

(c) Employer-Provided Health Insurance (d) Any Health Insurance

Figure B.11: State Law Reform on Insurance Variables, DID (SIPP Data)

Notes: Data is from the 2004 and 2008 SIPP, 2003 - 2009, a period before ACA young adult
dependent insurance implementation. Data contain only unmarried individuals. Bins are in
quarter year increments.
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(a) Parent-Provided Health Insurance (b) Health Insurance in Own Name

(c) Employer-Provided Health Insurance (d) Any Health Insurance

Figure B.12: ACA Reform on Insurance Variables, DID (SIPP Data)

Notes: Data is from 2008 SIPP, 2007-2013. Data contain only unmarried individuals. Bins are
quarter year increments.
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(a) Employer-Provided Health Ins.
(Mothers)

(b) Employer-Provided Health Ins. (Fa-
thers)

(c) Any Health Insurance (Mothers) (d) Any Health Insurance (Fathers)

Figure B.13: Parents’ Insurance Response to ACA Reform (ACS Data)
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(a) Private Health Insurance (Mothers) (b) Private Health Insurance (Fathers)

Figure B.13 (Cont.): Parents’ Insurance Response to ACA Reform (ACS Data)

Notes: Data is from ACS, 2007-2013 and contains only the parents of unmarried young adults
23-25 and 27-29. Bins are year increments.
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(a) Emp. Provided Health Ins. (Mothers) (b) Emp. Provided Health Ins. (Fathers)

(c) Private Health Ins. (Mothers) (d) Private Health Ins. (Fathers)

Figure B.14: Parents’ Insurance Response to ACA Reform (SIPP Data)
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(a) Any Health Ins. (Mothers) (b) Any Health Ins. (Fathers)

Figure B.14 (Cont.): Parents’ Insurance Response to ACA Reform (SIPP Data)
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(a) Wage Worker (b) Self-Employed

(c) Part Time (d) Usual Hrs. Worked

Figure B.15: ACA Reform on Insurance Variables, DID (ACS Data)

Notes: Data is from ACS, 2007-2013. Data contain only unmarried individuals. Bins are
quarter year increments.
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(a) Wage Worker (b) Self-Employed

(c) Part Time

Figure B.16: State Law Reform on Insurance Variables, DID (CPS Data)

Notes: Data is from the CPS, 2000 - 2009, a period before ACA young adult dependent insur-
ance implementation. Data contain only unmarried individuals.
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(a) Wage Worker (b) Self-Employed

(c) Part Time

Figure B.17: State Law Reform on Insurance Variables, DID (CPS Data)

Notes: Data is from the CPS, 2000 - 2009, a period before ACA young adult dependent insur-
ance implementation. Data contain only unmarried individuals.
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(a) Wage Worker (b) Self-Employed

(c) FullTime

Figure B.18: ACA Reform on Insurance Variables, DID (NHIS Data)

Notes: Data is from NHIS, 2007-2013. Data contain only unmarried individuals. Bins are
quarter year increments.

148



(a) Works for Wage (b) Self-Employed

(c) Part Time

Figure B.19: State Law Reform on Employment Variables, DID (SIPP Data)

Notes: Data is from the 2004 and 2008 SIPP, 2003 - 2009, a period before ACA young adult
dependent insurance implementation. Data contain only unmarried individuals. Bins are in
quarter year increments.
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(a) Wage Worker (b) Self-Employed

(c) Part Time

Figure B.20: ACA Reform on Employment Variables, DID (SIPP Data)

Notes: Data is from 2008 SIPP, 2007-2013. Data contain only unmarried individuals. Bins are
quarter year increments.
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(a) Wage Worker (Mothers) (b) Wage Worker (Fathers)

(c) Self Employed(Mothers) (d) Self Employed (Fathers)

Figure B.21: Parents’ Labor Response to ACA Reform (ACS Data)
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(a) Part Time (Mothers) (b) Part Time (Fathers)

Figure B.21 (Cont.): Parents’ Labor Response to ACA Reform (ACS Data)
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(a) Wage Worker (Mothers) (b) Wage Worker (Fathers)

(c) Self Employed(Mothers) (d) Self Employed (Fathers)

Figure B.22: Parents’ Labor Response to ACA Reform (SIPP Data)
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(a) Part Time (Mothers) (b) Part Time (Fathers)

Figure B.22 (Cont.): Parents’ Labor Response to ACA Reform (SIPP Data)

154



Table B.1: CPS Summary Statistics (State Reforms)

Treated Not Treated

Pre-Reform Post-Reform Pre-Reform Post-Reform

Group:
Treated 1.000 1.000 0.000 0.000
Post Reform 0.000 1.000 0.000 1.000

Insurance
Health Ins. Dependent 0.123 0.147 0.036 0.050
Private HI 0.577 0.558 0.571 0.537
HI in own Name 0.335 0.306 0.462 0.426
Employer-Provided Health Ins. 0.476 0.462 0.513 0.483
Any Health Ins. 0.677 0.670 0.688 0.675

Employment:
Self-employed 0.023 0.023 0.037 0.037
Wage-Worker 0.787 0.772 0.804 0.799
Part Time 0.218 0.225 0.136 0.152

Demographics:
High School 0.869 0.886 0.869 0.870
College 0.202 0.218 0.253 0.270
Male 0.514 0.510 0.498 0.507
Black 0.136 0.143 0.163 0.159
White 0.791 0.778 0.761 0.763
Hispanic 0.192 0.208 0.206 0.207

Observations 8,133 11,405 5,748 8,836

Notes: Data are from the 2000 - 2009 CPS March supplements. Observations include only unmar-
ried individuals within 3 years of the cutoff age and 3 years of the implementation date. Summary
statistics are not weighted.
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Table B.2: CPS Summary Statistics (ACA)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post ACA 0.000 1.000 0.000 1.000

Insurance
Health Ins. Dependent 0.088 0.196 0.028 0.061
Private HI 0.551 0.571 0.543 0.522
HI in own Name 0.346 0.258 0.453 0.421
Employer-Provided Health Ins. 0.455 0.437 0.490 0.466
Any Health Ins. 0.658 0.684 0.662 0.651

Employment:
Self-employed 0.024 0.020 0.040 0.035
Wage-Worker 0.786 0.763 0.814 0.799
Part Time 0.205 0.225 0.136 0.145

Demographics:
High School 0.891 0.908 0.875 0.889
College 0.261 0.272 0.279 0.301
Male 0.512 0.511 0.507 0.504
Black 0.148 0.151 0.166 0.163
White 0.733 0.723 0.723 0.715
Hispanic 0.213 0.218 0.212 0.222

Observations 16,106 22,069 12,213 16,612

Notes: Data are from the 2011 - 2013 CPS March supplements. Observations include only unmar-
ried individuals between the ages of 23 and 29. Post-ACA indicates observations after the imple-
mentation of the Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table B.3: ACS Summary Statistics

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post ACA 0.000 1.000 0.000 1.000
Insurance
Employer Provided HI 0.456 0.524 0.479 0.447
Has Health Ins. 0.666 0.743 0.678 0.686
Private HI 0.565 0.627 0.556 0.534

Employment:
Wage Worker 0.894 0.866 0.879 0.859
Self-Employed 0.029 0.026 0.044 0.041
Part Time 0.252 0.271 0.160 0.177
Usual Hours Worked 30.621 28.604 33.240 31.444

Demographics:
High School 0.908 0.920 0.892 0.902
College 0.300 0.299 0.318 0.320
Male 0.538 0.540 0.541 0.548
Black 0.133 0.145 0.154 0.157
White 0.716 0.694 0.693 0.683

Observations 229,036 343,228 165,505 245,517

Notes: Data are from the 2011 - 2013 ACS. Observations include only unmarried individuals be-
tween the ages of 23 and 29. Post-ACA indicates observations after the implementation of the
Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table B.4: ACS Summary Statistics (Mothers)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post ACA 0.000 1.000 0.000 1.000
Parent’s Insurance
Employer Provided HI 0.465 0.583 0.432 0.400
Has Health Ins. 0.849 0.836 0.834 0.829
Private HI 0.773 0.743 0.728 0.702

Parent’s Employment:
Wage Worker 0.767 0.758 0.718 0.715
Self-Employed 0.068 0.067 0.063 0.060
Part Time 0.178 0.182 0.163 0.166
Usual Hours Worked 28.666 27.867 25.786 25.114

Parent’s Demographics:
High School 0.875 0.875 0.839 0.847
College 0.234 0.241 0.193 0.208
Black 0.127 0.135 0.155 0.157
White 0.717 0.704 0.676 0.668

Observations 90,072 103,256 43,757 50,067

Notes: Data are from the 2011 - 2013 ACS. Observations include only mothers with unmarried
children between the ages of 23 and 29. Post-ACA indicates observations after the implementation
of the Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table B.5: ACS Summary Statistics (Fathers)

23-25 Year Olds 27-29 Year Olds

Pre-ACA Post-ACA Pre-ACA Post-ACA

Group:
Treated (<26) 1.000 1.000 0.000 0.000
Post ACA 0.000 1.000 0.000 1.000
Parent’s Insurance
Employer Provided HI 0.494 0.625 0.454 0.424
Has Health Ins. 0.878 0.864 0.873 0.864
Private HI 0.807 0.780 0.763 0.735

Parent’s Employment:
Wage Worker 0.777 0.776 0.738 0.728
Self-Employed 0.148 0.143 0.134 0.132
Part Time 0.074 0.079 0.089 0.093
Usual Hours Worked 37.356 36.602 32.657 31.751

Parent’s Demographics:
High School 0.866 0.869 0.835 0.838
College 0.282 0.279 0.245 0.249
Black 0.085 0.089 0.104 0.105
White 0.763 0.755 0.727 0.719

Observations 72,496 82,050 32,774 37,586

Notes: Data are from the 2011 - 2013 ACS. Observations include only fathers with unmarried
children between the ages of 23 and 29. Post-ACA indicates observations after the implementation
of the Affordable Care Act in September 2010. Summary statistics are not weighted.
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Table B.6: ACA Differences in Differences Estimates (ACS Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Insurance Variables
Private HI 0.073*** 0.072*** 0.073*** 0.074*** 0.074***

(0.003) (0.003) (0.003) (0.003) (0.003)

Employer Provided HI 0.093*** 0.093*** 0.092*** 0.093*** 0.093***
(0.003) (0.003) (0.003) (0.003) (0.003)

Has Health Ins. 0.062*** 0.062*** 0.061*** 0.062*** 0.062***
(0.003) (0.003) (0.003) (0.003) (0.003)

Panel B: Employment Variables
Wage Worker -0.012*** -0.012*** -0.006** -0.005** -0.005**

(0.002) (0.002) (0.002) (0.002) (0.002)

Self-Employed -0.000 -0.000 -0.001 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001) (0.001)

Part Time 0.009*** 0.009*** 0.008*** 0.008*** 0.008***
(0.002) (0.002) (0.003) (0.003) (0.003)

Observations 983,286 983,286 983,286 983,286 983,286

Year FE, Age No Yes Yes Yes Yes
Controls No No Yes Yes Yes
State x Year FE No No No Yes Yes
Self-Ins Rates No No No No Yes

Notes: Data is from ACS, 2007-2013. Data contain only unmarried individuals.
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Table B.7: State Reforms Differences in Differences Estimates (CPS Data)

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

Panel A: Insurance Variables
Health Ins. Dependent 0.016 0.016 0.027** 0.018*** 0.012* 0.012*

(0.015) (0.015) (0.011) (0.006) (0.007) (0.007)

HI in own Name 0.004 0.005 -0.000 -0.008 -0.004 -0.004
(0.024) (0.024) (0.017) (0.017) (0.017) (0.017)

Employer-Prov. HI 0.009 0.009 0.014 0.001 -0.003 -0.003
(0.014) (0.014) (0.011) (0.015) (0.017) (0.017)

Any Health Ins. 0.007 0.007 0.013 0.004 -0.013 -0.013
(0.011) (0.011) (0.009) (0.019) (0.019) (0.019)

Panel B: Employment Variables
Wage Workers -0.021** -0.022** -0.025** -0.031** -0.025* -0.025*

(0.009) (0.009) (0.011) (0.013) (0.014) (0.014)

Self-Employed 0.003 0.003 -0.001 -0.003 0.001 0.001
(0.003) (0.003) (0.004) (0.005) (0.005) (0.005)

Works Part Time -0.011 -0.011 -0.004 0.007 0.006 0.006
(0.007) (0.007) (0.008) (0.009) (0.011) (0.011)

Observations 52,327 52,327 52,327 52,327 52,327 52,327

Year FE, Age No Yes Yes Yes Yes Yes
Controls No No Yes Yes Yes Yes
Age x Year FE No No No Yes Yes Yes
Age x State FE No No No No Yes Yes
Self-Ins Rates No No No No No Yes

Notes: Only the coefficient on Treat x Post is shown. Data is from the CPS, 2000 - 2009,
a period before ACA young adult dependent insurance implementation. Data contain only
unmarried individuals.
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Table B.8: ACA Differences in Differences Estimates (CPS Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Insurance Variables
Health Ins. Dependent 0.090*** 0.089*** 0.083*** 0.082*** 0.082***

(0.006) (0.006) (0.007) (0.007) (0.007)

HI in own Name -0.065***-0.063***-0.064***-0.065***-0.066***
(0.011) (0.011) (0.013) (0.013) (0.013)

Employer-Prov. HI 0.015 0.015 0.018 0.016 0.015
(0.011) (0.011) (0.013) (0.013) (0.013)

Any Health Ins. 0.046*** 0.046*** 0.044*** 0.042*** 0.042***
(0.011) (0.011) (0.012) (0.012) (0.012)

Panel B: Employment Variables
Wage Workers -0.008 -0.008 -0.009 -0.010 -0.010

(0.009) (0.009) (0.011) (0.011) (0.011)

Self-Employed 0.002 0.002 0.002 0.002 0.002
(0.004) (0.004) (0.005) (0.005) (0.005)

Works Part Time 0.014* 0.013 0.008 0.008 0.008
(0.008) (0.008) (0.010) (0.010) (0.010)

Observations 67,000 67,000 67,000 67,000 67,000

Year FE, Age No Yes Yes Yes Yes
Controls No No Yes Yes Yes
State x Year FE No No No Yes Yes
Self-Ins Rates No No No No Yes

Notes: Only the coefficient on Treat x Post is shown. Data is from the CPS, 2007 - 2013. Data
contain only unmarried individuals.
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Table B.9: ACA Differences in Differences Estimates (NHIS Data)

Dependent Variable (1) (2) (3)

Panel A: Insurance Variables
Non-Spousal Dependent Ins. 0.095*** 0.093*** 0.092***

(0.008) (0.008) (0.010)

Private Insurance 0.108*** 0.107*** 0.112***
(0.017) (0.017) (0.018)

Employer Provided HI -0.004 -0.002 -0.002
(0.016) (0.016) (0.019)

Uninsured -0.101***-0.100***-0.109***
(0.016) (0.016) (0.018)

Panel B: Employment Variables
Wage Worker -0.008 -0.008 -0.008

(0.013) (0.013) (0.015)

Self-Employed Income 0.014* 0.014* 0.006
(0.007) (0.007) (0.009)

Full Time 0.010 0.008 -0.041
(0.031) (0.031) (0.039)

Observations 30,965 30,965 30,965

Year FE, Age No Yes Yes
Controls No No Yes

Notes: Data is from NHIS, 2007-2013. Data contain only unmarried individuals.
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Table B.10: State Reforms on Insurance Variables, DID (SIPP Data)

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

Panel A: Insurance Variables
Parent Provides HI -0.020 -0.021 -0.026 -0.046*** -0.052** -0.052**

(0.015) (0.015) (0.016) (0.016) (0.022) (0.022)

Private HI in Own Name -0.013 -0.011 0.026 0.044 0.034 0.034
(0.027) (0.027) (0.026) (0.030) (0.039) (0.039)

Employer-Prov. HI 0.003 0.005 0.027 0.030 0.014 0.014
(0.026) (0.026) (0.026) (0.030) (0.039) (0.039)

Any Health Ins. -0.008 -0.006 0.016 0.025 0.023 0.023
(0.026) (0.026) (0.025) (0.029) (0.037) (0.037)

Panel B: Employment Variables
Wage Workers -0.044** -0.045** -0.046** -0.035 -0.037 -0.037

(0.018) (0.018) (0.020) (0.022) (0.024) (0.024)

Self-Employed -0.019** -0.019** -0.028*** -0.034*** -0.013 -0.013
(0.009) (0.009) (0.010) (0.011) (0.011) (0.011)

Works Part Time -0.007 -0.007 0.008 0.013 0.017 0.017
(0.019) (0.019) (0.021) (0.024) (0.026) (0.026)

Person Observations 9,074 9,074 9,074 9,074 9,074 9,074
Observations 105,203 105,203 105,203 105,203 105,203 105,203

Year FE, Age No Yes Yes Yes Yes Yes
Controls No No Yes Yes Yes Yes
Age x Year FE No No No Yes Yes Yes
Age x State FE No No No No Yes Yes
Self-Ins Rates No No No No No Yes

Notes: Only the coefficient on Treat x Post is shown. Data is from the 2004 and 2008 SIPP,
2003 - 2009, a period before ACA young adult dependent insurance implementation. Data
contain only unmarried individuals.
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Table B.11: ACA Differences in Differences Estimates (SIPP Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Insurance Variables
Parent Provides HI 0.084*** 0.082*** 0.076*** 0.075*** 0.075***

(0.010) (0.010) (0.011) (0.011) (0.011)

Private HI in Own Name -0.088*** -0.085*** -0.065*** -0.058*** -0.058***
(0.017) (0.017) (0.017) (0.017) (0.017)

Employer-Prov. HI 0.068*** 0.067*** 0.079*** 0.083*** 0.083***
(0.017) (0.017) (0.017) (0.017) (0.017)

Any Health Ins. 0.060*** 0.060*** 0.076*** 0.079*** 0.079***
(0.017) (0.017) (0.017) (0.017) (0.017)

Panel B: Employment Variables
Wage Workers -0.003 -0.002 0.019 0.019 0.019

(0.014) (0.014) (0.016) (0.015) (0.015)

Self-Employed 0.001 0.001 0.005 0.004 0.004
(0.006) (0.006) (0.007) (0.007) (0.007)

Works Part Time 0.008 0.007 -0.008 -0.009 -0.009
(0.013) (0.013) (0.015) (0.014) (0.014)

Person Observations 13,986 13,986 13,986 13,986 13,986
Observations 248,803 248,803 248,803 248,803 248,803

Year FE, Age No Yes Yes Yes Yes
Controls No No Yes Yes Yes
State x Year FE No No No Yes Yes
Self-Ins Rates No No No No Yes

Notes: Data is from 2008 SIPP, 2007-2013. Data contain only unmarried individuals.
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Table B.12: ACA DID Insurance Estimates (ACS Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Mothers
Employer Provided HI 0.145*** 0.145*** 0.145*** 0.145*** 0.150***

(0.005) (0.005) (0.005) (0.005) (0.005)

Has Health Ins. -0.006 -0.006 -0.006 -0.006 -0.003
(0.005) (0.005) (0.005) (0.005) (0.004)

Private HI -0.006 -0.006 -0.006 -0.006 0.001
(0.005) (0.005) (0.005) (0.005) (0.005)

Observations 287,152 287,152 287,152 287,152 287,152

Panel B: Fathers
Employer Provided HI 0.161*** 0.161*** 0.161*** 0.161*** 0.162***

(0.006) (0.006) (0.006) (0.006) (0.006)

Has Health Ins. -0.005 -0.005 -0.005 -0.005 -0.004
(0.005) (0.005) (0.005) (0.005) (0.005)

Private HI -0.006 -0.006 -0.006 -0.006 0.001
(0.005) (0.005) (0.005) (0.005) (0.005)

Observations 224,906 224,906 224,906 224,906 224,906

Age, Age2 No Yes Yes Yes Yes
Age Parent No No Yes Yes Yes
Year FE No No No Yes Yes
Parent Controls No No No No Yes

Notes: Data is from ACS, 2007-2013.
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Table B.13: ACA DID Insurance Estimates for Parents (SIPP Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Mothers
Employer-Provided Health Ins. -0.010 -0.009 -0.008 -0.009 -0.020

(0.030) (0.030) (0.030) (0.030) (0.029)

Has Private HI 0.015 0.015 0.014 0.013 -0.001
(0.029) (0.028) (0.028) (0.028) (0.026)

Any Health Ins. 0.015 0.015 0.013 0.012 0.002
(0.023) (0.023) (0.022) (0.022) (0.021)

Person Observations 3,832 3,832 3,832 3,832 3,832
Observations 74,193 74,193 74,193 74,193 74,193

Panel B: Fathers
Employer-Provided Health Ins. -0.028 -0.027 -0.026 -0.026 -0.026

(0.034) (0.033) (0.033) (0.033) (0.033)

Has Private HI 0.025 0.025 0.025 0.024 0.024
(0.028) (0.028) (0.028) (0.028) (0.026)

Any Health Ins. 0.019 0.019 0.018 0.017 0.016
(0.023) (0.023) (0.022) (0.022) (0.021)

Person Observations 2,896 2,896 2,896 2,896 2,896
Observations 54,360 54,360 54,360 54,360 54,360

Age, Age2 No Yes Yes Yes Yes
Age Parent No No Yes Yes Yes
Year FE No No No Yes Yes
Parent Controls No No No No Yes

Notes: Data is (SIPP Data), 2007-2013. Data contain only the parents of unmarried young
adults 23-25 and 27-29.
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Table B.14: ACA DID Labor Estimates (ACS Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Mothers
Wage Worker -0.011** -0.011** -0.011** -0.011** -0.008*

(0.005) (0.005) (0.005) (0.005) (0.005)

Self-Employed 0.002 0.002 0.002 0.002 0.002
(0.003) (0.003) (0.003) (0.003) (0.003)

Part Time 0.003 0.003 0.003 0.003 0.004
(0.004) (0.004) (0.004) (0.004) (0.004)

Observations 287,152 287,152 287,152 287,152 287,152

Panel B: Fathers
Wage Worker 0.006 0.006 0.006 0.006 0.007

(0.006) (0.006) (0.005) (0.005) (0.005)

Self-Employed -0.004 -0.004 -0.004 -0.004 -0.003
(0.004) (0.004) (0.004) (0.004) (0.004)

Part Time 0.003 0.003 0.003 0.003 0.004
(0.004) (0.004) (0.004) (0.004) (0.004)

Observations 224,906 224,906 224,906 224,906 224,906

Age, Age2 No Yes Yes Yes Yes
Age Parent No No Yes Yes Yes
Year FE No No No Yes Yes
Parent Controls No No No No Yes

Notes: Data is from ACS, 2008-2013.
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Table B.15: ACA Differences in Differences Labor Estimates (SIPP Data)

Dependent Variable (1) (2) (3) (4) (5)

Panel A: Mothers
Wage Workers -0.045 -0.044 -0.042 -0.043 -0.051*

(0.030) (0.030) (0.029) (0.029) (0.029)

Self-Employed 0.024 0.024 0.024 0.024 0.023
(0.016) (0.016) (0.016) (0.016) (0.016)

Part Time -0.006 -0.006 -0.007 -0.007 -0.005
(0.021) (0.021) (0.021) (0.021) (0.021)

Person Observations 3,832 3,832 3,832 3,832 3,832
Observations 74,193 74,193 74,193 74,193 74,193

Panel B: Fathers
Wage Workers 0.004 0.005 0.007 0.006 0.007

(0.030) (0.030) (0.029) (0.029) (0.029)

Self-Employed -0.049* -0.049* -0.049* -0.049* -0.047*
(0.028) (0.028) (0.028) (0.028) (0.029)

Part Time 0.009 0.009 0.009 0.009 0.010
(0.022) (0.022) (0.022) (0.022) (0.022)

Person Observations 2,896 2,896 2,896 2,896 2,896
Observations 54,360 54,360 54,360 54,360 54,360

Age, Age2 No Yes Yes Yes Yes
Age Parent No No Yes Yes Yes
Year FE No No No Yes Yes
Parent Controls No No No No Yes

Notes: Data is (SIPP Data), 2007-2013.
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Table B.16: Pre-ACA Differences Between Control and Treatment Groups using
CPS

(1) (2) (3)
Dependent Ins. Self-Employed Wage-Worker

Survey year -0.004*** -0.003*** 0.004***
(0.001) (0.001) (0.001)

Treated=1 -5.594 -4.958*** 19.529***
(3.816) (1.802) (3.986)

Treated=1 X Survey year 0.003 0.002*** -0.010***
(0.002) (0.001) (0.002)

Constant 9.130*** 6.353*** -8.185***
(2.748) (1.298) (2.870)

Observations 152,465 152,465 152,465
Notes: Estimates are for unmarried young adults ages 23-27 using CPS 2005-2014. Young
adults are “Treated” if they are under 26. Dependent variables are: (1) an indicator equal to
one if a young adult is a dependent on another person’s insurance; (2) an indicator equal to one
if a young adult identifies their main job as self-employment; (3) an indicator equal to one if a
young adult works for a wage. Standard errors are in parentheses.
* p<0.10 ** p<0.05 *** p<0.01
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Appendix C

Family Ties: Fertility and Domestic Migration in the
United States
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C.1 Same Sex Twins
As mentioned in Section 3.2.2, the occurrence of twins may depend on ma-

ternal age, the use of fertility treatments, and other unobserved factors. The medical
literature suggests that one type of twins, identical (monozygtic) twins, are a ran-
dom event (Bortolus et al. 1999, Farbmacher et al. 2016). I cannot identify identical
twins in the data, but I can limit the data to same sex twins to create a treatment
group that is more likely to contain identical twins. Since fraternal (dizygotic)
twins occur when two separate eggs are fertilized by two separate sperm, they can
be same sex (boy-boy, girl-girl) or opposite sex (boy-girl, girl-boy). Identical twins
by contrast are always the same sex (boy-boy or girl-girl). The same sex sample
should include approximately 50% of fraternal twins and 100% of identical twins.
There are 29,353 sets of same-sex twins in this data.

Table C.1 shows that the estimates using only twins of the same sex are
similar to the results in Table 3.5 using all twins. The estimates for women under
30 and kids under 10 years old are slightly larger, but overlap in the 95 percent
confidence intervals for the parameters. The same is true when living in a different
state than one’s birth state is the outcome, as shown in Table C.2’s similarity to
Table 3.8. Since both instruments are similar in size, then selection on observables
is likely not a problem (Farbmacher et al. 2016).
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Table C.1: Same Sex Twins on Migration (2SLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.005*** -0.005*** -0.008 -0.004* -0.004* -0.005*
(0.002) (0.002) (0.007) (0.004) (0.002) (0.003)

Mean Dep. Var 0.043 0.041 0.081 0.047 0.071 0.057
Observations 2,827,054 2,241,956 257,711 1,089,279 478,433 1,025,479

Table presents the coefficients on the number of children ever born, instrumented by same
sex twins at the first birth. Mothers of opposite sex twins are excluded. The dependent
variable is the one-year migration rate. Data are from ACS, 2005-2014. Sample restricted
to women with at least one child, whose eldest child is younger than 18. Columns (2)-(6)
restrict the sample to married women. Column (3) includes only mothers 18-30 years old
and column (4) only 31-40 year old mothers. Columns (5) and (6) limit the sample to
mothers of children 0-6 years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01

Table C.2: Same Sex Twins on Living in Non-Birth State (2SLS Estimates)

(1) (2) (3) (4) (5) (6)
All Married <30 30-40 Kids 0-5 Kids 0-10

Number Children -0.020*** -0.021*** -0.038** -0.035*** -0.015 -0.019**
(0.005) (0.006) (0.017) (0.009) (0.009) (0.008)

Mean Dep. Var 0.489 0.513 0.450 0.507 0.519 0.517
Observations 1,655,587 1,298,752 146,409 624,859 277,934 595,892

Notes: Table presents the coefficients on the number of children ever born, instrumented
by same sex twins at the first birth. Mothers of opposite sex twins are excluded. The
dependent variable is equal to one if a woman lives in a different state than the one she
was born in. Data are from ACS, 2005-2014. Sample restricted to women with at least
one child, whose eldest child is younger than 18. Columns (2)-(6) restrict the sample to
married women. Column (3) includes only mothers 18-30 years old and column (4) only
31-40 year old mothers. Columns (5) and (6) limit the sample to mothers of children 0-6
years old and 0-10 years old, respectively.
* p<0.10 ** p<0.05 *** p<0.01
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