
Strathclyde 
Discussion Papers 
in Economics  

Revisiting The Effect of the Affordable Care Act
Medicaid Expansion on Migration  

Laura Connolly, Matt Hampton,Otto Lenhart   

No. 22 – 8 

Department of Economics 
University of Strathclyde, Glasgow 



Revisiting The Effect of the Affordable Care Act
Medicaid Expansion on Migration ∗†

Laura Connolly
Michigan Technological University

Matt Hampton
Austin Peay State University

Otto Lenhart
University of Strathclyde

September 15, 2022

Abstract

We revisit the impact of the Affordable Care Act’s Medicaid expansion on interstate migration
to determine the longer-run effects of the policy. Using American Community Survey data
from 2010-2019 and a difference-in-differences (DiD) research design, we test for changes in
migratory trends between expansion and non-expansion states. In contrast with prior findings
examining short-run effects, we find evidence of increased migration from non-expansion-to-
expansion states among those with Medicaid coverage after the policy change. Staggered DiD
methods indicate that increases in net migration to expansion states are driven by reduced
out-migration from expansion states.

JEL codes: I13, J11, I38
Keywords:Migration, Medicaid Expansion, Welfare Magnet, Public Policy

∗We thank conference participants at the 2022 Public Choice Society annual meetings, the 2022 Society of
Business, Industry, and Economics, and seminar participants in the Department of Economics and Finance at
Middle Tennessee State University. Declarations of interest: none.

†Contact information: Laura Connolly, College of Business, Michigan Technological University, 1400
Townsend Drive, Academic Office Building 125, Houghton, MI 49931, leconn@mtu.edu. Matt Hampton, Depart-
ment of Accounting, Finance, and Economics, Austin Peay State University, Kimbrough 142, Clarksville, TN
37044, hamptonm@apsu.edu. Otto Lenhart, Department of Economics, University of Strathclyde, 16 Richmond
Street, Glasgow G1 1XQ, UK, ottolenhart@gmail.com.



1 Background

The Patient Protection and Affordable Care Act (ACA), passed in 2010, is the most substantial

change in U.S. healthcare policy since the implementation of Medicaid and Medicare in the

1960s. The policy includes a variety of mandates and provisions intended to increase access

to health insurance among Americans. One such provision, Medicaid expansion, called for

expanding program eligibility from 100% to 138% of the federal poverty level (FPL) across

all states. In 2012, the Supreme Court ruled that each state had the right to decide whether

to expand eligibility for Medicaid programs (Musumeci, 2012). This ruling created variation

in Medicaid expansion decisions across states, with 26 states and the District of Columbia

expanding their program eligibility in 2014 and 24 states choosing not to expand.1

An earlier study of ACA Medicaid expansion determined whether variation in state expan-

sion decisions led individuals to migrate from non-expansion-to-expansion states in the short-run

to gain access to Medicaid (Goodman, 2017). For example, low-income, childless individuals

who remained ineligible for Medicaid in non-expansion states may have become eligible for

Medicaid in expansion states following the policy. Nearly 20% of the U.S. population relies

on Medicaid for their health insurance, and the monetary value of gaining access to Medicaid

is substantial (Keisler-Starkey and Bunch, 2021). For the year 2019, state-level estimates of

per-capita expenditures on ACA Medicaid expansion range from $1,647 (Arkansas) to $13,966

(North Dakota), with a median of $6,709 across the 35 states surveyed (Medicaid, n.d.). These

benefits are especially large in relation to federal poverty guidelines. In 2019, 138% of the FPL

was $17,236 for families with one person and $35,535 for families of four (Office for the Assistant

Secretary for Planning and Evaluation, 2019). Thus, it is plausible that low-income individuals

faced an increased incentive to migrate into expansion states following ACA Medicaid expan-

sion. Early work relates this potential migratory response to the “welfare magnet” hypothesis,

the idea that individuals’ migration decisions are influenced by the generosity of the welfare

system in the area of destination (Giulietti, 2014).
1Since 2014, several additional states have expanded their Medicaid programs. As of January 2022, 38 states

and the District of Columbia (i.e., 39 states including D.C.) have expanded their Medicaid programs (Kaiser
Family Foundation, 2022).
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Goodman’s (2017) original work on the relationship between ACA Medicaid expansion and

migration finds little evidence of increased net migration into expansion states among low-

income individuals in 2014. We revisit the topic now that additional post-policy data is available

to determine the longer-run impacts of the policy. We use data from the American Community

Survey (ACS) spanning the years 2010-2019 and follow Goodman’s (2017) identification strat-

egy in the spirit of differences-in-differences (DiD) to estimate changes in net migration from

non-expansion-to-expansion states following the policy implementation. To better account for

variation in the timing of state Medicaid expansion decisions, we employ multiple treatment-

control group assignment strategies as well as utilize Callaway and Sant’Anna’s (2021) recently

developed staggered DiD methodology.

We contribute to the existing literature and extend the work of Goodman (2017) in several

ways. First, we include post-policy data beyond 2014, which was the only wave of post-ACA

Medicaid expansion data available at the time of Goodman’s (2017) work. By utilizing post-

policy data spanning 2014-2019, we are able to better exploit the staggered rollout of Medicaid

expansion in the years following 2014. Additionally, because it may take time for individuals

to learn about the differences in state Medicaid policies, coordinate the logistics of a move,

and secure the resources required to move (Kaplan and Schulhofer-Wohl, 2017), changes in

migratory trends may not be immediately apparent by 2014. Along these lines, we explore

whether migratory effects following ACA Medicaid expansion become more evident over time.

Second, the Medicaid expansion literature typically focuses on those with income below a

certain level or those with less than a high school education to target the population most likely

to be impacted by the policy (Goodman, 2017; Schwartz and Sommers, 2014; Alm and Enami,

2017). We follow this traditional approach by analyzing a sample of individuals with family

incomes at or below 138% of the FPL; however, we also focus on a second sample of individuals

- those with Medicaid coverage in any given year. The Medicaid-covered sample allows us to

test for changes in migratory trends among individuals benefiting from their current state’s

Medicaid program, or those most likely to be impacted by changes in Medicaid policy. We

argue that migratory trend changes among those covered by Medicaid may better target the
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impacts of the policy change compared to the low-income sample as some individuals do not

enroll in Medicaid coverage, despite eligibility, for reasons including lack of awareness, negative

stigma, and churn (Orgera, Rudowitz and Damico, 2021; Congressional Budget Office, 2020).

Third, the Medicaid expansion literature often uses a time-invariant approach to treatment-

control group assignment and standard DiD estimation. We follow this approach while also us-

ing two alternative treatment-control group assignment strategies along with recently developed

DiD methods that account for variation in treatment timing. Our alternative treatment-control

group assignments include: (i) dropping early and late expansion states, which leaves 34 states

(Black et al., 2019), and (ii) including only new (original) and never expanding states, leaving

21 states total (Courtemanche, Marton and Yelowitz, 2019). Exploring differences across group

assignment strategies is important due to the varied timing and nature of states expanding Med-

icaid as well as differences in pre-ACA Medicaid generosity. Lastly, we use the Callaway and

Sant’Anna (2021) estimator to fully exploit the staggered rollout of ACA Medicaid expansion

over the years 2014-2019.2

Migration tied to Medicaid expansion may impact states and society as a whole through sev-

eral channels. First, migration tied to Medicaid expansion increases the population that benefits

from the program. Access to Medicaid during early childhood positively impacts both health

and economic outcomes later in life (Boudreaux, Golberstein and McAlpine, 2016; Goodman-

Bacon, 2021b; Miller and Wherry, 2019; Kaestner et al., 2017). Access to Medicaid is also

associated with better financial well-being (Jackson, Agbai and Rauscher, 2021; Hu et al.,

2018). Second, Medicaid expansion shifts the disincentive to work more in expansion states

from individuals near 100% of the FPL to those near 138% of the FPL (Moffitt, 2015). The

option to potentially increase one’s income and retain or gain Medicaid coverage (up to 138%

of the FPL) could lead to non-expansion-to-expansion state migration (Moffitt, 2015). Third,

states are increasingly financially responsible for the costs associated with Medicaid expan-
2Recent advances in the DiD literature show that two-way fixed effects (TWFE) estimates are biased when

different units are treated at different times (Goodman-Bacon, 2021a; Borusyak and Jaravel, 2017; Kim and
Wang, 2019; De Chaisemartin and d’Haultfoeuille, 2020; Sun and Abraham, 2021; Callaway and Sant’Anna,
2021; Athey and Imbens, 2021). Therefore, we also use Callaway and Sant’Anna’s (2021) staggered DiD esti-
mator to explicitly account for variation in treatment timing to assess the impact of the staggered rollout of
ACA Medicaid expansion.
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sion. Thus, increased migration to expansion states in the longer term may lead to additional

expenses to cover more Medicaid enrollees.3

Overall, among the low-income sample, we find mixed evidence of increased net migra-

tion from non-expansion-to-expansion states following 2014. When following a time-invariant

treatment assignment that includes all states, we find no evidence of migratory trend changes

following the policy. When using more targeted treatment assignment approaches, dropping

early and late expansion states (leaving 34 states), and including only new and never expanding

states (21 states), we find some evidence of migratory trend changes. Specifically, we estimate

a 10% - 38% increase in average net migration to expansion states after the policy among those

with low-income. Among the sample of Medicaid-covered individuals, we find stronger evidence

of migratory trend changes following the policy. We estimate an increase in net migration from

non-expansion-to-expansion states of 0.31 to 0.55 percentage points (pp) after 2014 among in-

dividuals with Medicaid. These estimates correspond to a 26% - 99% increase in average net

migration into expansion states, or an additional 2,600 - 3,000 migrants for the sample.4 Thus,

individuals with Medicaid coverage in expansion states are significantly more likely to have

recently migrated from a non-expansion state following the policy change.

We supplement our main analysis by exploring policy heterogeneity across demographic

and household characteristics: race, gender, family structure, and health status. We find that

changes in migratory behavior are larger among Hispanics, males, single adults, childless adults,

and those without a disability. Migration responses for low-income adults without children are

particularly interesting as eligibility gains from ACA Medicaid expansions were largest for child-

less adults (McMorrow et al., 2017). We also conduct an event study to estimate year-by-year

policy effects and to visually assess the standard parallel trends assumption. The event study

results show that increased net migration from non-expansion-to-expansion states persisted for

several years after the ACA, but dropped off by the year 2019. Last, due to the staggered
3The incremental costs associated with ACA Medicaid expansions were initially funded 100% by the federal

government, with the federal government’s share of incremental expenses steadily decreasing to 90% by 2020
(Lee and Winters, 2021).

4The additional 2,600 - 3,000 migrants are only relative to the ACS sample and are likely higher for the full
population.
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nature of Medicaid expansion across time, we utilize methods from the emerging “variation in

treatment timing” DiD literature. The staggered DiD results reveal a modest increase in migra-

tion from non-expansion-to-expansion states and a large decrease in migration from expansion-

to-non-expansion states, particularly among the Medicaid-covered sample. Thus, additional

post-policy data reveals that ACA Medicaid expansions did impact migratory patterns from

non-expansion-to-expansion states, particularly for individuals with Medicaid coverage.

The remainder of the paper is organized as follows: Section 2 provides background infor-

mation on the welfare magnet hypothesis and migration in response to Medicaid expansion.

Section 3 describes three treatment-control group assignment approaches for Medicaid expan-

sion. Section 4 discusses the data and sample selection criteria, while Section 5 describes the

the econometric methods. Section 6 details the results, and, finally, Section 7 concludes.

2 Medicaid and Migration

2.1 The Welfare Magnet

The welfare magnet hypothesis centers on the idea that low-income individuals face incentives

to migrate to locations with more generous welfare benefits or public assistance programs.

Research on the welfare magnet is mixed overall. In a review of the early literature on this topic,

Moffitt (1992) noted that studies from the 1960s and early 1970s generally found no evidence of

the welfare magnet (Gallaway, Gilbert and Smith, 1967; Sommers and Suits, 1973; Fields, 1979),

while others in the late 1970s and 1980s found evidence supporting the hypothesis (Hutchens,

Jakubson and Schwartz, 1989; Bane and Ellwood, 1983; Danziger et al., 1982). The divergent

results are due to differences in data aggregation; early studies typically use a high level of data

aggregation, while later studies often disaggregate the data by demographic characteristics such

as gender, race, or marital status (Moffitt, 1992). As Cebula (1979) explains, it is important

to target the population that is eligible for welfare or public assistance programs rather than

including all individuals in the analysis.

As welfare programs and policies have changed over the years, research on the welfare

magnet and the impacts of public programs continues to evolve. Hanson and Hartman (1994)
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emphasize that low-income individuals are unlikely to move at all, including moving to states

for more generous public assistance. Further, Allard and Danziger (2000) find little evidence

that single-parent households in the U.S. migrated to states with higher welfare benefits in the

aftermath of federal welfare reform in 1996.

A few studies specifically analyze the welfare magnet for unmarried mothers, a population

likely to receive welfare benefits. Kaestner, Kaushal and Van Ryzin (2003) study the migration

of low-educated, unmarried mothers in response to state and federal welfare policy changes

that added time-limited benefits, financial sanctions for non-compliance, and work eligibility

rules. The authors find that welfare reform reduced interstate migration but increased intrastate

migration for low-educated, unmarried women with children, emphasizing the importance of

migrating for economic or employment reasons rather than welfare benefit differences (Kaest-

ner, Kaushal and Van Ryzin, 2003). Gelbach (2004) also studies low-educated, never-married

mothers, and finds that those who move across states are more likely to move to a state with

higher welfare benefits. Similarly, Bailey’s (2005) results also support the welfare magnet for

poor, unmarried mothers as welfare generosity does impact migration. These studies highlight

the potential heterogeneous nature of the welfare magnet as some groups are more likely to

move for access to public insurance or welfare programs.

2.2 Medicaid Expansion

Medicaid, one of the largest social welfare programs in the country, has expanded since its

implementation in the 1960s to provide health insurance to low-income individuals, children,

pregnant women, and people with disabilities (Rudowitz, Garfield and Hinton, 2019).5 The

latest round of Medicaid expansions, those tied to the ACA, extended eligibility to childless

adults and increased the income threshold for eligibility from under 100% to 138% of the FPL.

The ACA policy initially called for Medicaid expansion nationwide, but the Supreme Court

later ruled that the decision to expand Medicaid was ultimately up to each state (Musumeci,

2012). As of January 2022, 38 states and the District of Columbia have adopted ACA Med-

icaid expansion, up from 26 states and D.C. that initially expanded in 2014 (Kaiser Family
5See point 3 in Rudowitz, Garfield and Hinton (2019) for a brief summary of Medicaid coverage over time.
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Foundation, 2022).

2.2.1 Migration and Medicaid Expansion

A specific area of the welfare magnet literature focuses on the relationship between Medicaid

expansion and migration. Cebula and Clark (2013) find a positive effect of Medicaid generosity

on interstate migration from 2000 to 2008. Schwartz and Sommers (2014) study four states,

Arizona, Maine, Massachusetts, and New York, that expanded their Medicaid programs to

include childless adults prior to the ACA. The authors do not find significant evidence of

migration in response to expanding Medicaid eligibility. Alm and Enami (2017) study the

relationship between migration and the 2006 Massachusetts Health Care Reform (MHCR), a

program that influenced the design of ACA Medicaid expansion. Alm and Enami’s (2017)

findings highlight the regional nature of migration responses, even within a given state. Cities

in Massachusetts closest to the state border, within 5 miles, experienced significant low-income

population growth (18-25 pp) after the MHCR policy change. In contrast, cities more than

15 miles from the state border experienced virtually no change in their low-income population

growth (Alm and Enami, 2017).

Goodman (2017), the first to study ACA Medicaid expansion and migration, uses a model in

the spirit of DiD to analyze the change in migration into expansion states from non-expansion

states compared to migration in the opposite direction. Goodman (2017) finds a negligible

impact with an upper bound increase of 0.18 percentage points in net migration to expansion

states, noting that ACA Medicaid expansions did not meaningfully impact migration. Given

the timing of Goodman’s work, it was only possible to analyze changes in migration flows

in the initial year of the policy change. As Goodman (2017) notes, there is still room for

future research using “data from an additional year of the ACS...to uncover any longer-run

effects that are not visible in the short run” (p.236). Thus, we revisit the question of how

ACA Medicaid expansions impacted migratory trends now that more time has elapsed since

the policy implementation in 2014.
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2.2.2 Other Impacts of Medicaid Expansion

Related areas of the welfare magnet literature explore impacts of Medicaid expansion beyond

migration, such as health behaviors or labor supply. The primary motivation behind Medi-

caid expansions, including those tied to the ACA, is to increase health insurance coverage and

access to healthcare. Expanding adult eligibility for Medicaid can also spillover to increase

enrollment for the adult’s already-eligible children, what is known as the “woodwork effect”

(Sacarny, Baicker and Finkelstein, 2022). Miller and Wherry (2019) study the long-run im-

pacts of Medicaid coverage; the authors find that individuals with mothers who had access to

Medicaid prenatal coverage experienced a lower likelihood of chronic conditions and fewer hospi-

talizations related to obesity or diabetes as adults. Similarly, adults with Medicaid eligibility or

exposure during early childhood experience significant improvements in health, linked to higher

health care utilization and reductions in mortality and disability (Boudreaux, Golberstein and

McAlpine, 2016; Goodman-Bacon, 2021b; Thompson, 2017). Declines in disease-related mortal-

ity and hospitalizations later in life are particularly pronounced for black individuals (Wherry

and Meyer, 2016; Wherry et al., 2018).

Evidence on health insurance coverage and healthcare access specific to the ACA also sug-

gests that ACA Medicaid expansions increased health insurance coverage (Kaestner et al., 2017).

The share of residents with insurance increased by nearly 3 pp more in states that expanded

Medicaid compared to states that did not expand Medicaid (Courtemanche et al., 2017). Sim-

ilarly, Courtemanche et al. (2018) find that the ACA significantly improved healthcare access

across all states, with the gains in Medicaid expansion states exceeding those in non-expansion

states. ACA Medicaid expansions also increased Medicaid coverage for those with income less

than 138% of the federal poverty level (Courtemanche, Marton and Yelowitz, 2019) and health

insurance coverage for the self-employed (Lee and Winters, 2021). Despite the increases in Med-

icaid coverage in response to the ACA, Schmidt, Shore-Sheppard and Watson (2020) do not

find a meaningful change in Supplemental Security Income (SSI) or Social Security Disability

Insurance (SSDI) applications.

Medicaid coverage also impacts economic outcomes beyond health care coverage and uti-
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lization, including labor outcomes, education, financial well-being, and marriage. For some,

primarily white individuals, Medicaid eligibility in early childhood increased employment and

decreased reliance on disability transfer programs later in life (Goodman-Bacon, 2021b). Brown,

Kowalski and Lurie (2020) show that young adults, ages 19 to 28, with greater Medicaid eligi-

bility during childhood experience higher college enrollment and pay more in taxes; women also

experience increased wages. In contrast, participation in Medicaid as an adult typically has

a negative impact on labor supply (Dague, DeLeire and Leininger, 2017), particularly among

women (Moffitt and Wolfe, 1992; Winkler, 1991). In the aftermath of Medicaid or welfare

program eligibility contractions, individuals typically increase their labor supply (Garthwaite,

Gross and Notowidigdo, 2014; Borjas, 2003). There is also a strong connection between Med-

icaid coverage and financial well-being. Medicaid expansion or greater access to Medicaid

decreased the number of unpaid bills, debt sent to collection agencies, new medical debt, and

likelihood of bankruptcy (Gross and Notowidigdo, 2011; Hu et al., 2018; Finkelstein et al.,

2012). Medicaid coverage is also associated with higher savings, retirement account, and mort-

gage balances (Jackson, Agbai and Rauscher, 2021). Similarly, the loss of Medicaid coverage

in Tennessee is associated with declines in personal financial well-being (Argys et al., 2020).

Recently, Medicaid expansion has been linked to increased child support payments made to

custodial parents, indicating that Medicaid expansion increased the financial ability of non-

custodial parents (Bullinger, 2021). ACA Medicaid expansion also led to decreased marriage

rates among working-aged adults, likely due to decreased reliance on spousal health insurance

coverage (Hampton and Lenhart, 2022), and decreased medical divorce among college-educated

individuals ages 50-64 (Slusky and Ginther, 2021).

The literature reveals a strong connection between Medicaid and health care coverage, ac-

cess, and utilization. However, evidence on the relationship between Medicaid and migration

remains mixed. We revisit Goodman’s (2017) initial findings on the migration response to the

first year of ACA Medicaid expansion now that more data is available to determine the longer-

run impacts of the policy. We also explore the heterogeneous impacts of the program expansions

across demographic characteristics, use three approaches to treatment-control assignment, and
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incorporate newly developed DiD models to account for variation in treatment timing.

3 Medicaid Expansion Group Assignment

Any study of Medicaid expansion requires the determination of treatment and control group

assignment, which hinges on the timing of ACA Medicaid expansion decisions across states.

ACA Medicaid expansions began in 2014 and have increased in number since. Such variation

in treatment timing makes treatment-control group assignment difficult. Figure 1 illustrates the

timing of ACA Medicaid expansion across states from 2014-2019. As part of the ACA, 26 states

and D.C. expanded Medicaid in 2014, 3 states expanded in 2015, 2 states expanded in 2016,

and 2 states expanded in 2019.6 The figure also reveals a regional pattern to ACA Medicaid

expansions. States in the northeast and west regions are more likely to adopt ACA Medicaid

expansions compared to states in the midwest or south. We ultimately use three different group

assignment approaches, outlined below, that become progressively more restrictive, to balance

sample size with the timing and nature of state Medicaid expansion decisions.

3.1 The Time-Invariant Approach

Many ACA Medicaid expansion studies rely on a time-invariant approach to treatment assign-

ment, assigning the 26 states and D.C. that expanded Medicaid in 2014 to the treatment group,

and the remaining 24 states that did not expand in 2014 to the control group (for example, see

Courtemanche et al. (2017, 2018)).7 Goodman (2017), whose methodology we follow closely,

also follows this time-invariant approach. Panel (a) of Figure 2 provides a visual illustration

of expansion versus non-expansion states using the time-invariant approach. Although the

time-invariant approach is the most straightforward and includes all states (including D.C.),8

it is limited in that it fails to account for states with generous pre-ACA Medicaid programs, a

majority of which further expanded Medicaid as part of the ACA, and it permanently charac-
6Idaho, Missouri, Nebraska, Oklahoma and Utah expanded in 2020. Since we utilize data from 2010-2019,

we treat these 2020 expanding states as non-expansion states in the analysis.
7Kaestner et al. (2017) use a variation of the time-invariant approach, but they categorize five states with

prior comprehensive expansions to include childless adults in the control group.
8For simplicity, we treat D.C. as its own state for treatment-control group assignment purposes. Thus, the

total possible number of states included in the analysis is 51.
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Figure 1: Timing of ACA Medicaid Expansions, 2014 - 2019

Source: Kaiser Family Foundation.
Note: Figure shows the staggered rollout of Medicaid expansion decisions following the passage
of the ACA. The figure includes all 50 states and D.C. Each color in the figure represents the
particular year that a given state expanded Medicaid. Five states that expanded in 2020 are
included in the "Never" category.

terizes later expanding states as members of the control group, ignoring policy variation from

2015-2019. Thus, estimated policy effects using the time-invariant approach are likely to be

biased towards zero.

3.2 Dropping Early and Late Expansion States

Our second treatment assignment approach better accounts for states that expanded their

Medicaid programs before and after 2014 by dropping early and late expansion states. We

follow Black et al. (2019) by dropping 10 states with expansions prior to 2014: Hawaii (1994);

Delaware and Vermont (1996); New York (2001); Massachusetts (2006); Wisconsin (2009); and

California, Connecticut, D.C., and Minnesota (2010). Additionally, we drop 7 states that ex-

panded Medicaid in the years 2015 - 2019: Alaska, Indiana, and Pennsylvania (2015); Louisiana

11



and Montana (2016); and Maine and Virginia (2019) (Kaiser Family Foundation, 2022). Panel

(b) of Figure 2 provides a visual illustration of expansion versus non-expansion states after

dropping early and late expanders. While this approach only includes 34 states in the analysis,

and hence is more limited in terms of statistical power, it offers a “cleaner” treatment-control

group comparison that better isolates the impact of ACA Medicaid expansion, which may reveal

migratory effects not discernible using the time-invariant approach.

3.3 Only New and Never Expansion States

For the third treatment assignment approach, we follow Courtemanche, Marton and Yelowitz

(2019) and limit the sample to new and never expanding states. New expansion states are those

who expanded Medicaid for the first time ever in 2014, while never expansion states are those

that, as of 2019, never expanded Medicaid. Panel (c) of Figure 2 provides a visual illustration

of expansion versus non-expansion decisions including only new and never expansion states.

Among the 9 new expansion states, none offered Medicaid coverage to any subgroup (other

than pregnant women) with income above 138% of the FPL prior to the ACA. Among the 12

never expansion states, the income eligibility threshold for Medicaid was between 17-54% of the

FPL for adult caretakers in families, and no state extended coverage to childless adults. Overall,

all 21 states under this approach had weak health insurance safety nets for working-age adults

prior to the ACA (Courtemanche, Marton and Yelowitz, 2019). While this group assignment

strategy is the most restrictive, as it drops over half of U.S. states from the analysis, it better

isolates the states most likely to be impacted by the ACA Medicaid expansions and offers the

cleanest counterfactual via the control group.

4 Data and Sample Selection

We use data from the American Community Survey (ACS) for years 2010 to 2019 (U.S. Census

Bureau, n.d.). The ACS is an ongoing annual survey maintained by the U.S. Census Bureau that

samples approximately 1 percent of Americans each year and is weighted to be representative
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Figure 2: Medicaid Expansion Treatment Assignment Approaches

(a) Time-Invariant, All States (b) Drop Early and Late Expanders, 34 States

(c) Only New and Never Expanders, 21 States

Source: Kaiser Family Foundation.
Notes: Figure shows states included in treatment (expansion) and control (non-expansion) groups for
three treatment assignment approaches. Panel (a) displays the time-invariant approach using all 50
states and D.C. The second approach, displayed in Panel (b), drops early and late expansion states,
leaving 34 states. The last approach, displayed in Panel (c), keeps only new and never expansion states,
leaving 21 states. Expansion states are in orange and non-expansion states are in cream.

of the U.S. population.9 The ACS is well-suited to study the impact of Medicaid expansion

on interstate migration for three reasons. First, unlike many other publicly available datasets,
9The ACS data is maintained in two separate records that may be merged together for each calendar year:

the housing files and the person files. We obtain each set of files from the Census Bureau File Transfer Protocol
(FTP) site and pool data from the one-year Public Use Microdata Sample (PUMS) files between the years
2010 and 2019. To avoid concerns related to the Great Recession, we omit data from years prior to 2010.
Additionally, due to the COVID-19 pandemic, we also do not include data from 2020. The Census Bureau
additionally acknowledges the potential issues related to post-COVID-19 data and refer to the 2020 wave as
2020 ACS 1-Year Experimental Estimates.
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the ACS includes state Federal Information Processing System (FIPS) codes, which allow us

to identify residence in all 50 states and the District of Columbia. While the ACS data is

cross-sectional, and we cannot observe the same person or family in multiple waves, the dataset

does include migration-related variables that identify an individual’s state of residence in both

the survey year and the prior year. Such variables are necessary to determine whether someone

has recently migrated across states and further allow us to identify an individual’s origin and

destination states following a decision to migrate. Second, the ACS has a rich set of demographic

and socioeconomic-related characteristics, which are important determinants of one’s ability and

willingness to migrate. Third, the ACS is appealing due to its large sample size, surveying over

3 million people in any given year.

In the analysis, we make several sample selection decisions, which closely follow Goodman

(2017), to better target the individuals most likely to be impacted by Medicaid expansion. First,

we limit the sample to working-aged adults between ages 18 and 64 since individuals qualify for

Medicare at age 65.10 Second, we drop members of the active-duty military who are covered

by TRICARE. Third, as lawfully present immigrants are generally not eligible for Medicaid

until five years after they receive permanent resident status, and undocumented immigrants

are ineligible for the program, we drop all immigrants who arrived in the U.S. within five years

of the interview year. Finally, we generally focus on two subsamples to better target those

impacted by changes in Medicaid policy: (1) individuals with family earnings less than or equal

to 138% of the FPL, and (2) individuals with Medicaid coverage.

Table 1 presents descriptive statistics for our full sample without imposing any socioeconomic-

related restrictions across the three treatment-control group assignment strategies. The table

shows sample means for individuals living in non-expansion and expansion states, following

the time-invariant treatment assignment approach (all states) in columns (1) and (2), dropping

early and late expanders (34 states) in columns (3) and (4), and including only new and never

expanders (21 states) in columns (5) and (6).11 From the table, the proportion of individuals
10As Goodman (2017) notes, while some individuals are dually eligible for both Medicare and Medicaid, this

subgroup is unaffected by ACA Medicaid expansion.
11Appendix Tables A1 and A2 display analogous means specific to the two subsamples: those with family

earnings less than or equal to 138% of the FPL and those with Medicaid coverage.
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Table 1: Summary Statistics

All States 34 States 21 States

(1) (2) (3) (4) (5) (6)
Variable Non-Exp. Expansion Non-Exp. Expansion Non-Exp. Expansion

Migrated Regions 0.014 0.010 0.008 0.008 0.003 0.006
Medicaid Coverage 0.107 0.152 0.101 0.142 0.100 0.155

Age 42.313 42.176 42.286 42.576 42.510 42.776
Male 0.489 0.493 0.486 0.492 0.487 0.494
Black 0.141 0.084 0.154 0.087 0.165 0.085
White 0.797 0.783 0.782 0.832 0.772 0.857
Hispanic 0.087 0.12 0.107 0.073 0.124 0.048
Immigrant 0.041 0.082 0.045 0.047 0.052 0.024
% FPL 319.74 341.41 316.32 336.42 317.73 313.07
Married 0.532 0.514 0.538 0.538 0.529 0.531
Family Size 2.746 2.819 2.772 2.768 2.756 2.723
Number of Children 0.621 0.615 0.628 0.629 0.608 0.615
High School Degree 0.289 0.255 0.278 0.277 0.274 0.316
Some College 0.337 0.339 0.344 0.342 0.346 0.343
Bachelor’s Degree or More 0.275 0.321 0.272 0.297 0.276 0.245
Unemployment Rate 5.912 6.471 6.204 6.641 6.094 6.539
Maximum EITC 0.030 0.184 0.014 0.086 0.016 0.045
Poverty Rate 14.538 13.325 15.192 13.202 15.275 14.937

Observations 8,054,018 9,183,495 6,715,959 6,121,345 4,736,145 2,133,656
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Summary statistics for three
treatment assignment approaches: time-invariant including all states in columns (1) and (2), dropping early and late expanders
including 34 states in columns (3) and (4), and only new and never expanders including 21 states in columns (5) and (6).

migrating is small with 0.3 - 1.4% of individuals recently moving into non-expansion states, and

0.6-1.0% recently moving into expansion states.12 Additionally, there are some differences in

observable characteristics between individuals living in expansion versus non-expansion states.

First, individuals living in non-expansion states are more likely to be black. Additionally, those

living in non-expansion states are less likely to have immigrated from another country, and

generally have lower income with respect to the federal poverty level, with the exception of

the most limited sample including 21 states. Finally, individuals living in non-expansion states

are generally less educated, again with the exception of the most limited sample of 21 states.

Before imposing any socioeconomic-related sample restrictions, the sample of all states contains

over 8 million individuals living in non-expansion states and over 9 million in expansion states.
12We follow Goodman (2017) in defining a “region-mover” as someone that moves from a non-expansion-to-

expansion state, or vice versa. We outline this approach in Section 5.

15



5 Econometric Methods

5.1 Difference-in-Differences Research Design

We primarily follow Goodman’s (2017) empirical approach to capture net migration induced by

ACA Medicaid expansion. Goodman (2017) uses a model in the spirit of difference-in-differences

(DiD) to compare migration from non-expansion to expansion states relative to migration from

expansion to non-expansion states, both before and after the 2014 policy change.13 We initially

follow time-invariant group assignment as outlined in Section 3.1, which includes all 50 states

and D.C. We also use the two alternative, more restrictive, treatment assignment approaches,

dropping early and late expanders and only new and never expanders, which are discussed in

Section 3.2 and 3.3, respectively.

Goodman’s (2017) model is outlined as:

yirt = β × nonexpr × postt + λt + µr ++εrt, (1)

where i indexes individuals, r indexes origin region, and t indexes time. The dependent variable

y captures interregion migration and takes on a value of 1 if an individual moved from one

“region” to the other in the prior 12 months, and 0 otherwise. The term region defines two

sets of states, non-expansion or expansion. nonexpr is an indicator for an origin state in the

non-expansion region, and postt is a post-2014 dummy variable. nonexpr takes on a value

of 1 for the following types of individuals: (1) one who migrates from a non-expansion state

to an expansion state; (2) one who lives in a non-expansion state and does not migrate (or

migrates and remains in the same state); and (3) one who migrates from one non-expansion

state to another non-expansion state. The interaction between nonexpr and postt captures

migration from non-expansion-to-expansion regions (states) both before and after 2014. Each

model also includes fixed effects, where λt represents year fixed effects, and µr represents origin-
13Prior to Goodman (2017), the “welfare magnet” literature typically measures the treatment effect on mi-

gration inflows into states with more generous public assistance (or expansion states), and migration outflows
from states with less generous public assistance (or non-expansion states), separately. For examples of earlier
work, see Gelbach (2004); Fiva (2009); Schwartz and Sommers (2014).
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and destination-state fixed effects.14 All regression models are estimated via linear probability

methods and are weighted using ACS sample weights, with standard errors clustered at the

origin-state level.15

Some specifications also include control variables that may influence one’s decision to mi-

grate across regions. As the likelihood of migrating likely decreases with age, we control for

both age and age-squared. We also include indicator variables for whether an individual is

non-Hispanic black, non-Hispanic white, and Hispanic, whether a person immigrated to the

U.S. from another country, and whether an individual is married. Further, as those with higher

levels of education are more likely to migrate, we include dummy variables for whether one has

a high school degree or less, some college, or a bachelor’s degree or more. Finally, to account

for state-year-level factors that may influence migration, we include controls for state-year un-

employment rates, state-year Earned Income Tax Credit (EITC) rates (as a percentage of the

federal amount), and state-year poverty rates.

In Equation (1), β captures the extent to which non-expansion-to-expansion migration in-

creased after the policy change in 2014 relative to the increase in expansion-to-non-expansion

migration. While not a traditional DiD specification, the model is similar in nature in the sense

that non-expansion states play the role of the “treatment group,” and expansion states play the

role of the “control group.” As stated by Goodman (2017), the above equation is analogous

to a DiD regression, and hence identification relies on an assumption of parallel pretrends be-

tween the treatment and control groups. In other words, a causal interpretation requires that

non-expansion-to-expansion migration followed the same trend as expansion-to-non-expansion

migration prior the 2014 policy.
14Goodman (2017) only includes origin-state fixed effects. Due to the complicated “push” and “pull” nature

of migratory behavior, we believe it is important to mitigate concerns of unobservable characteristics at both
the origin-state level and the destination-state level. For that reason, our preferred specifications include both
origin- and destination-state fixed effects. Results with varying levels of fixed effects are qualitatively similar
and available upon request.

15We estimate additional models utilizing multi-level clustering. Each model is estimated using the Stata
module “reghdfe,” which allows for both high-dimensional fixed effects and multi-way clustering. For more on
this, see Correia (2019). Results when clustering at multiple levels are qualitatively similar and available upon
request.

17



5.2 Event Study

In addition to the main analysis, we also adopt a traditional event study framework that

allows policy effects to vary across time. The event study approach, also utilized by Goodman

(2017), is also commonly used to more formally assess the standard parallel pre-treatment

trends assumption. We estimate an event study model testing year-by-year effects of Medicaid

expansion on migratory behavior. The event study model is outlined by:

yirt = λt + µr +
∑

s̸=2013

βs × nonexpr × 1(yeart = s) + εrt. (2)

In Equation (2), each βs coefficient captures the difference between non-expansion-to-expansion

migration and migration in the opposite direction, relative to that in the 2013 wave, which is

omitted from the model as the reference category. The event study specification allows us to

not only test for persistence of the policy by allowing policy effects to vary by year in the

post-policy period, but also determines whether pre-treatment trends between expansion and

non-expansion states were similar. Estimated βs coefficients for the years prior to 2014 that

are statistically indistinguishable from zero lend support to the standard pre-treatment parallel

trends assumption.

5.3 Variation in Treatment Timing

We complement our primary methodology with the recently developed estimator of Callaway

and Sant’Anna (2021), which accounts for variation in treatment timing and properly assesses

the impact of a staggered policy rollout, such as ACA Medicaid expansion. Given concerns

related to exploiting only appropriate policy variation, the authors propose an approach to

implement DiD methods in situations of differential treatment timing. The Callaway and

Sant’Anna (2021) estimator is outlined as:

ATT (g, t) = E

[(
Gg

E[Gg]
− p̂(X)C

E

[
p̂(X)C
1−p̂(X)

](Yt − Yg−1)

)]
, (3)
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where p̂(X) is the generalized propensity score, Gg is an indicator for whether an observation

is first treated in period g, and C is an indicator for whether an observation belongs in the

comparison (never treated) group. Each ATT presented in our results section is obtained using

the doubly robust inverse probability weighting (dripw) estimator, which incorporates control

variables using a combination of both a regression-based approach and a reweighting approach.16

We use two different strategies to assign states to the treatment versus control group here.

First, we continue to use all 50 states and D.C. (All States). States that expanded Medicaid

in 2014 - 2019, including those with prior Medicaid expansions, are included in the treatment

group for the year of and years after expansion, while states that did not expand Medicaid

from 2014-2019 are included in the control group or the never treated group. While this

approach includes all 50 states and D.C., it is no longer time-invariant. Further, this approach

includes some states that expanded Medicaid prior to 2014 in the control group, which could be

problematic. Therefore, we also use a second approach that drops early expansion states from

the analysis, leaving 41 states. Since the staggered DiD model accounts for states adopting

Medicaid expansion in different years, the treatment group changes from year to year.17

We also use Callaway and Sant’Anna’s (2021) event study framework for situations with

variation in treatment timing. Their event study approach captures the time elapsed since

policy treatment was first adopted and is outlined by:

θes(e) =
∑
g∈G

⊮{g + e ≤ T}P (G = g|G+ e ≤ T )ATT (g, g + e), (4)

where e = t− g denotes the amount of time elapsed since policy treatment, and T is the final

time period of data (2019 in our case). The above aggregation of ATT captures the average

effect of participating in the treatment e time periods after the treatment was adopted across all

groups that are ever observed to have participated in the treatment for exactly e time periods

(Callaway and Sant’Anna, 2021).
16Results from implementing the Callaway and Sant’Anna (2021) estimator are obtained using the CSDID

command in Stata. See Rios-Avila, Sant’Anna and Callaway (2021) for more information on this recently devel-
oped Stata module. Further, see Sant’Anna and Zhao (2020) for additional background information regarding
doubly robust estimators.

17For example, a state that expanded Medicaid in 2014 is in the treatment group for the years 2014 - 2019,
while a state that expanded Medicaid in 2016 is in the treatment group for the years 2016-2019.
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6 Results

6.1 Descriptive Trends in Migration

We first present descriptive figures showing trends in out-migration across time that allow us

to visually assess the parallel trends assumption (i.e., whether migratory trends between non-

expansion and expansion states are parallel prior to the policy change). In Section 6.5, we

also present the event study results to formally test for parallel pre-trends. Figure 3 presents

descriptive migratory trends across time for the two samples under study: those with family

incomes less than 138% of the FPL (Panel A), and those with Medicaid coverage (Panel B).

For each sample, we present migratory trends following each of the three treatment-control

group assignment approaches: All States (Time-invariant), 34 States (Dropping Early and

Late Expanders), and 21 States (Only New and Never Expanders). In each figure, solid lines

represent the proportion of out-migration from non-expansion states (treatment group), and

dashed lines represent the proportion of out-migration from expansion states (control group).

The vertical line at 2014 signifies the initial year of ACA Medicaid expansion.

Beginning with the low-income sample in Panel A, pre-treatment trends appear somewhat

parallel between the two groups across all three treatment assignment approaches. Using the

time-invariant approach, (a) All States, little can be taken away regarding migratory changes

in the post-policy period. When we drop early and late expanders, (b) 34 states, there is a

modest decrease in out-migration from expansion states by 2016. This indicates that low-income

individuals may be less likely to move out of expansion states for a short period after 2014. The

decrease in out-migration from expansion states after 2014 is more noticeable when we only

include new and never expanders ((c), 21 states). In this subfigure, there is also an increase

in migration out of non-expansion states for a few years, indicating that some low-earning

individuals may have migrated to expansion states in response to the policy.

When limited to only Medicaid-covered individuals (Panel B), pre-treatment trends again

appear to be somewhat parallel between the two groups across all three treatment approaches.

There is also a more discernible change in migratory trends after the policy among the Medicaid-

covered sample. In each of the subfigures of Panel B, there is an increase in out-migration from
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Figure 3: Interstate Migration Across Time: Descriptive Trends

Panel A. Below 138% FPL Sample

(a) All States (b) 34 States (c) 21 States

Panel B. Medicaid-Covered Sample

(d) All States (e) 34 States (f) 21 States

Notes: American Community Survey one-year Public Use Microdata Sample files, 2010-2019. Figure plots
the proportion of individuals moving across regions over time for two samples, those below 138% of the
FPL (Panel A), and those with Medicaid coverage (Panel B), and three treatment assignment approaches.
All States is the time-invariant approach that includes all states and D.C.; 34 States drops early and late
expansion states; 21 states includes only new and never expanding states. The solid line represents indi-
viduals moving from non-expansion-to-expansion states, while the dashed line represents those moving from
expansion-to-non-expansion states. The vertical line at 2014 represents the year that ACA Medicaid expan-
sion was initially implemented.

non-expansion states (solid line), starting after 2014 and persisting for several years in the post-

policy period. This implies that there was an increase in the portion of Medicaid recipients

within expansion states that moved to the state within the past 12 months after the policy

change. While only descriptive in nature, it is possible that some individuals moved in response

to changes in Medicaid policy. The subfigures in Panel B also show a decrease in out-migration

from expansion states (dashed line) beginning after 2014. This implies that Medicaid-covered

individuals in expansion states became less likely to move out of an expansion state after the

policy change, possibly linked to the concern of losing Medicaid coverage. Overall, Figure 3

provides some descriptive evidence that ACA Medicaid Expansions in 2014 influenced migratory
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trends among low-income individuals and those with Medicaid coverage following 2014.

6.2 Impact of ACA Medicaid Expansion on Migration

While Figure 3 shows some evidence of migratory trend changes following ACA Medicaid expan-

sion in 2014, particularly among Medicaid-covered individuals, the plots are merely descriptive

and do not account for observable characteristics of the sample or additional factors that may

influence migration. In this section, we present results from estimating Goodman’s (2017)

model in the spirit of DiD outlined by Equation (1). Table 2 presents the main results estimat-

ing the impact of ACA Medicaid expansion on migration. The first three columns of the table

show results for the low-income sample, while the latter three columns show findings for the

sample of Medicaid-covered individuals. The heading above each column indicates the treat-

ment assignment approach, i.e., which set of states are included in a given regression model: all

states (time-invariant), 34 states (dropping early and late expanders), or 21 states (only new

and never expanders). As indicated at the bottom of the table, each specification includes state

(both origin and destination) and year fixed effects as well as additional control variables.

Beginning with the low-income sample, the estimated coefficient of interest for all states

(column 1) is negative and statistically insignificant, indicating no meaningful change in mi-

gratory trends following ACA Medicaid expansion. This result is in line with the main results

of Goodman (2017). When dropping early and late expanding states in column (2), however,

the estimated effect becomes positive in sign, larger in magnitude, and statistically significant

at the 5% level; we estimate a 0.13 percentage point (pp) increase in net migration from non-

expansion-to-expansion states when including 34 states. This translates to a 9.22% increase

from the mean non-expansion out-migration rate of 1.41% in 2013, or 1,366 new “net-migrants”

into expansion states following the policy change.18 When further limiting to 21 states, new

and never expanders in column (3), the estimated coefficient is even larger at 0.0026 and sta-
18To calculate the estimated increase in migrants, we multiply the estimated coefficient, β, by the relevant

population of non-expansion states for the corresponding treatment assignment approach. For column (2), we
multiply the coefficient of 0.0013 times the low-income sample population across the 34 states in the analysis
of 1,050,375, for a total of 1,366. Goodman (2017) goes through a similar exercise but uses the upper bound
of the 95% confidence interval. For column (2), the upper bound of the 95% CI is 0.0041, which corresponds
with 4,307 new “net-migrants" into expansion states. The calculation for new net-migrants is only relative to
the sample population and is likely much larger when scaled up to the full population.
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Table 2: Impact of ACA Medicaid Expansion on Migration

Dependent Variable: Net Migration into Expansion States

Below 138% FPL Medicaid-Covered
(1) (2) (3) (4) (5) (6)

All States 34 States 21 States All States 34 States 21 States

Effect -0.0005 0.0013 0.0026 0.0031 0.0053 0.0055
(0.0007) (0.0006) (0.0007) (0.0006) (0.0007) (0.0010)

Observations 2,862,329 1,895,873 1,333,531 2,259,410 1,309,839 832,490

Sample Mean 0.0149 0.0141 0.0068 0.0119 0.0115 0.0055
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each column
reports OLS estimates of the impact of ACA Medicaid expansion on interstate migration as outlined by Equation
(1). The dependent variable is an indicator taking on a value of 1 if an individual either moves from a non-
expansion-to-expansion state or from an expansion-to-non-expansion state and 0 otherwise. Columns (1)-(3)
present results for a sample of individuals with family income at or below 138% of the FPL, while columns
(4)-(6) present those for a sample of Medicaid-covered individuals. We use three different treatment assignment
approaches: time-invariant including all states in Columns (1) and (4), dropping early and late expanders leaving
34 states in Columns (2) and (5), and only using new and never expanders leaving 21 States in Columns (3)
and (6). Each specification includes origin and destination state fixed effects, year fixed effects, and additional
controls. Robust standard errors clustered at the origin-state level are shown in parentheses.

tistically significant at the 1% level. This results in an increase of 38.24% from the mean in

2013 or 2,397 additional net-migrants into new expansion states following the policy. Taken

together, we find some evidence of changes in migratory behavior after the policy among the

low-income sample when using more targeted group assignment approaches.

Columns (4)-(6) of Table 2 present analogous results for the Medicaid-covered sample.

Across all three treatment assignment approaches, each estimated coefficient is positive and

significant at the 1% level for the Medicaid-covered sample. Further, the coefficients are two

to four times larger in magnitude compared to those for the low-income sample. For all states,

we estimate a 0.31 pp increase in net migration into expansion states following 2014 among

the Medicaid-covered sample (column 4); this translates to a 26.05% increase from the mean

non-expansion migration rate of 1.19 in 2013. The estimated effect again grows larger in mag-

nitude when restricting the analysis to include fewer states. When limiting to 34 states in

column (5), we estimate a 0.53 pp (46.09%) increase in net migration into expansion states,

and when keeping only 21 states, the estimated effect increases to 0.55 pp (99.17%). Across the
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three treatment assignment approaches, the results translate to an additional 2,664 - 3,044 net

migrations into expansion states after the policy change. Using the upper bound of the 95% con-

fidence interval, 0.0076, for column (5) corresponds with 4,365 new net-migrants with Medicaid

coverage into expansion states. Again, the estimated new net-migrants are only relative to the

sample population and are likely larger when scaled to the full population. Overall, the results

of Table 2 provide strong evidence of changes in migratory trends among the Medicaid-covered

sample, and more nuanced effects among the low-income sample.

6.3 Heterogeneous Policy Effects

In this section, we test for potential heterogeneous effects of the Medicaid policy across a variety

of different demographic and socioeconomic characteristics to better understand the dynamics of

migration in response to the policy change. We explore differences across race, gender, and other

family structure and health-related factors, such as marital status, presence of children, and

disability status. Prior to the ACA, insurance rates differed across demographic characteristics.

For example, Hispanics were less likely to be insured than white or black individuals (Artiga

et al., 2021), and males were less likely to be insured than females (Becker and Babey, 2019).

Individuals without insurance coverage may have a larger incentive to migrate for Medicaid.

Childless adults were also generally excluded from Medicaid coverage prior to the policy change

and likely have lower costs of migration in comparison to families with children. Thus, these

additional analyses help us determine how different subgroups of the population responded to

changes in Medicaid policy.

Table 3 shows results testing for policy heterogeneity across both gender and race/ethnicity

across the three treatment assignment strategies and two subsamples. Each regression model

continues to include both origin- and destination- state fixed effects, year fixed effects, and

additional control variables. The results for the low-income sample are presented in columns

(1) - (3) and those for the Medicaid-covered sample are presented in columns (4) - (6). A few

patterns emerge from the table. First, the coefficients continue to be larger in magnitude and

more statistically significant for the Medicaid-covered sample. Second, all demographic groups
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Table 3: Impact of ACA Medicaid Expansion on Migration by Gender and Race/Ethnicity

Dependent Variable: Net Migration into Expansion States

Below 138% FPL Medicaid-Covered
(1) (2) (3) (4) (5) (6)

All States 34 States 21 States All States 34 States 21 States

Panel A: Male
Effect -0.0004 0.0013 0.0023 0.0044 0.0069 0.0054

(0.0009) (0.0009) (0.0012) (0.0010) (0.0012) (0.0010)
Panel B: Female
Effect -0.0007 0.0013 0.0028 0.0020 0.0041 0.0054

(0.0007) (0.0006) (0.0008) (0.0005) (0.0006) (0.0012)
Panel C: Black
Effect 0.0028 0.0032 0.0047 0.0035 0.0050 0.0067

(0.0012) (0.0011) (0.0015) (0.0013) (0.0012) (0.0014)
Panel D: White
Effect -0.0014* 0.0006 0.0019 0.0032 0.0054 0.0051

(0.0008) (0.0007) (0.0008) (0.0008) (0.0009) (0.0012)
Panel E: Hispanic
Effect -0.0008 0.0011 0.0013 0.0051 0.0077 0.0070

(0.0014) (0.0015) (0.0024) (0.0022) (0.0021) (0.0032)
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each
column reports OLS estimates of the impact of ACA Medicaid expansion on interstate migration by
gender or race as outlined by Equation (1). The dependent variable is an indicator taking on a value
of 1 if an individual either moves from a non-expansion-to-expansion state or from an expansion-
to-non-expansion state and 0 otherwise. Columns (1)-(3) present results for a sample of individuals
with family income at or below 138% of the FPL, while columns (4)-(6) present those for a sample
of Medicaid-covered individuals. We use three different treatment assignment approaches: time-
invariant including all states in Columns (1) and (4), dropping early and late expanders leaving
34 states in Columns (2) and (5), and only using new and never expanders leaving 21 States in
Columns (3) and (6). Each specification includes origin and destination state fixed effects, year fixed
effects, and additional controls. Robust standard errors clustered at the origin-state level are shown
in parentheses.

show a positive and significant increase in net migration from non-expansion-to-expansion states

after the policy, particularly for the Medicaid-covered sample.

There are also some notable differences in coefficient magnitudes across subgroups in Table 3.

Focusing on our preferred specification in column (5), which balances sample size with the

timing of Medicaid expansion decisions for the Medicaid-covered sample, we estimate a 0.69 pp

increase in net migration to expansion states among males, compared to a 0.41 pp increase for
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females. As males were more likely to go without insurance prior to the 2014 policy (Becker

and Babey, 2019), they face a larger incentive to migrate into an expansion state after the 2014

policy change. Additionally, gender differences in risk tolerance, caregiving responsibilities, and

career mobility are well documented in the literature and likely impact the decision to migrate

(Barber and Odean, 2001; Bernasek and Shwiff, 2001; Charness and Gneezy, 2012; Croson and

Gneezy, 2009; Goldin, 2021; Cortes and Pan, 2018; Fitzenberger and Kunze, 2005; Lordan and

Pischke, 2022).

We also observe differences across race and ethnicity; while estimated coefficients for non-

Hispanic black and white individuals are relatively similar, they are larger for Hispanic indi-

viduals. For our preferred specification in column (5), we find an increase of 0.50 and 0.54 pp

for black and white individuals, respectively, compared to a 0.77 pp increase in net migration

into expansion states for Hispanics. Hispanic individuals were more likely to be uninsured prior

to the ACA and thus faced a larger incentive to migrate into expansion states if eligible for

coverage (Artiga et al., 2021; McMorrow et al., 2015). Together, the results in Table 3 suggest

that males and Hispanics may be more willing and able to move across states in comparison

to females and non-Hispanic white and black individuals. Our results also align with the fact

that Hispanics experienced the largest decline in uninsured rates after the ACA (Artiga et al.,

2021; McMorrow et al., 2015).

We also explore heterogenous policy effects across marital status, presence of children, and

health status (Table 4). The coefficients continue to be larger in magnitude and highly signif-

icant for the Medicaid-covered sample, shown in columns (4)-(6), in comparison to those for

the low-income sample presented in columns (1)-(3). Focusing on our preferred specification in

column (5), we estimate a 0.62 pp increase (p < 0.01) in net migration into expansion states

for single individuals, compared to a 0.27 pp increase (p < 0.05) for married adults. It is rea-

sonable to assume that it is more difficult for married individuals to move across states as more

individuals are impacted by the move compared to a single individual. Similarly, our preferred

specification shows that the migratory response is much larger among childless adults, a 0.66

pp increase (p < 0.01), compared to individuals with children, a 0.21 pp increase (p < 0.05).
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Table 4: Impact of ACA Medicaid Expansion on Migration by Household Characteristics

Dependent Variable: Net Migration into Expansion States

Below 138% FPL Medicaid-Covered
(1) (2) (3) (4) (5) (6)

All States 34 States 21 States All States 34 States 21 States

Panel A: Married
Effect -0.0016 -0.0008 0.0021 0.0002 0.0027 0.0027

(0.0010) (0.0011) (0.0015) (0.0009) (0.0011) (0.0019)
Panel B: Single
Effect -0.0003 0.0018 0.0027 0.0040 0.0062 0.0063

(0.0008) (0.0007) (0.0008) (0.0008) (0.0009) (0.0010)
Panel C: Children
Effect -0.0006 0.0006 0.0023 0.0007 0.0021 0.002*

(0.0009) (0.0010) (0.0009) (0.0009) (0.0009) (0.0014)
Panel D: Childless
Effect -0.0013 0.0009 0.0023 0.0037 0.0066 0.0065

(0.0009) (0.0008) (0.0010) (0.0009) (0.0010) (0.0014)
Panel E: Disability
Effect 0.0006 0.0009 0.0026 0.0009 0.0025 0.0032

(0.0011) (0.0011) (0.0010) (0.0008) (0.0010) (0.0011)
Panel F: No Disability
Effect -0.0009 0.0014 0.0025 0.0040 0.0068 0.0070

(0.0007) (0.0006) (0.0009) (0.0008) (0.0009) (0.0015)
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each
column reports OLS estimates of the impact of ACA Medicaid expansion on interstate migration by
household characteristics as outlined by Equation (1). The dependent variable is an indicator taking
on a value of 1 if an individual either moves from a non-expansion-to-expansion state or from an
expansion-to-non-expansion state and 0 otherwise. Columns (1)-(3) present results for a sample of
individuals with family income at or below 138% of the FPL, while columns (4)-(6) present those for
a sample of Medicaid-covered individuals. We use three different treatment assignment approaches:
time-invariant including all states in Columns (1) and (4), dropping early and late expanders leaving
34 states in Columns (2) and (5), and only using new and never expanders leaving 21 States in
Columns (3) and (6). Each specification includes origin and destination state fixed effects, year fixed
effects, and additional controls. Robust standard errors clustered at the origin-state level are shown
in parentheses.

Similar to single adults, it is likely easier for childless individuals to move across states. Finally,

individuals with a disability are less likely to migrate, 0.25 pp (p < 0.05) in comparison to those

without a disability, (p < 0.01). It may be more difficult for individuals with a disability to

move across states; other public assistance programs also exist for individuals with disabilities
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that may impact their migration response to the policy change. Overall, Tables 3 and 4 illus-

trate that some subgroups of the population are more likely than others to migrate in response

to ACA Medicaid expansions.

6.4 Income Placebo

Variation in Medicaid expansion decisions across states plausibly provides an incentive for

individuals in the lower tail of the income distribution to migrate into expansion states. In

contrast, Medicaid expansion should not affect individuals who are not eligible for the program,

those in the middle or upper tail of the earnings distribution. Intuitively, individuals with higher

earnings, family income above 200% of the FPL, may act as a falsification or placebo group

compared to the low-income sample. In this falsification analysis, each model again includes

both origin- and destination-state fixed effects, year fixed effects, and additional controls.

Table 5 displays these heterogeneous effects across the income distribution. Panel A includes

all states (time-invariant), Panel B includes 34 states (dropping early and late expanders), and

Panel C includes 21 states (only new and never expanders). Similar to the main results for

the low-income sample in Table 2, we do not see a strong migration response for those with

family incomes between 50 - 138% of the FPL. The coefficient in column (1) is only positive

and significant in Panel C, which uses the most restrictive treatment assignment approach and

limits the analysis to 21 states. In contrast, the estimated coefficients in columns (3) and (4)

for higher-income individuals are either statistically indistinguishable from zero or negative.

While the majority of the negative coefficients are significant, this indicates a lower likelihood

of migrating from non-expansion-to-expansion states. For the highest group of earners, those

with income above 500% of the FPL, we estimate a 0.09 - 0.25 percentage point decline in net

migration into expansion states, which is significant in both Panel B (5% level) and Panel C

(10% level). Overall, we see no evidence of a meaningful migration response for the higher-

income subgroups, which supports the falsification exercise. The results of Table 5 further

support our main finding that low-income individuals, specifically those with Medicaid coverage,

had an incentive to migrate into expansion states, while those with higher earnings had no such
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Table 5: Impact of ACA Medicaid Expansion on Migration by Income

Dependent Variable: Net Migration into Expansion State

(1) (2) (3) (4)
50-138% 139-200% 201-500% >500%

Panel A: All States
Effect -0.0002 0.0003 -0.0018 -0.0009

(0.0010) (0.0009) (0.0006) (0.0006)

Observations 1,925,282 1,507,544 6,678,918 5,460,101

Panel B: 34 States
Effect 0.0006 0.0006 -0.0018 -0.0021

(0.0010) (0.0009) (0.0008) (0.0009)

Observations 1,282,357 1,003,583 4,295,808 3,216,318

Panel C: 21 States
Effect 0.0024 0.0001 -0.0025 -0.0025

(0.0011) (0.0010) (0.0013) (0.0015)

Observations 907,990 701,699 2,853,212 1,921,446
Notes: American Community Survey 1-year Public Use Microdata Sample
files, 2010–2019. Each column reports OLS estimates of the impact of ACA
Medicaid expansion on interstate migration across varying family income levels
as outlined by Equation (1). The dependent variable is an indicator taking on
a value of 1 if an individual either moves from a non-expansion-to-expansion
state or from an expansion-to-non-expansion state, and 0 otherwise. Hetero-
geneous income effects are presented across each column. The panels repre-
sent three different treatment assignment methods: time-invariant including
all states in Panel A, dropping early and late expanders leaving 34 states in
Panel B, and only including new and never expanders leaving 21 states in
Panel C. Each model includes origin- and destination-state fixed effects, year
fixed effects, and additional controls. Robust standard errors clustered at the
origin-state level are shown in parentheses.

incentive following ACA Medicaid expansion.

6.5 Traditional Event Study

Next, we present results from the event study model outlined by Equation (2) to formally

assess whether the parallel pre-treatment trends assumption is satisfied and to examine policy

heterogeneity across post-treatment years. Figure 4 displays the event study estimates for the

low-income sample in Panel A and the Medicaid-covered sample in Panel B across the three
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treatment assignment approaches.19 All regression models continue to include both fixed effects

and additional control variables. The vertical axis represents the change in net migration into

expansion states, while the horizontal axis shows the year. The vertical line at 2013 represents

the omitted reference category, the year prior to ACA Medicaid expansion for most states. The

solid black line shows the evolution of estimated coefficients, while the dashed lines are 95%

confidence interval bands.

Across both panels, there is a noticeable increase in the magnitude of coefficients from before

to after the policy, starting in 2014. Although several coefficients are positive and statistically

significant at the 10% level for 2010, which could be picking up some early effects from the year

the ACA was first passed, almost all of the coefficients for years 2011 and 2012 are statistically

indistinguishable from zero. In contrast, the coefficient for 2014 becomes positive across all

specifications. For the low-income sample in Panel A, the coefficient remains positive and

significant in some of the post-policy years, particularly for the most restrictive treatment

assignment approach that includes 21 states (new and never expanders). For the Medicaid-

covered sample (Panel B), the coefficients are positive and statistically significant for all post-

policy years. Further, the magnitudes of the coefficients over time follow an inverse U-shape,

particularly for the Medicaid-covered sample in Panel B. The coefficients increase in magnitude

from 2014 to 2017, then decline in magnitude in 2018 and 2019, although they remain positive

and significant. The inverse U-shape is also seen among the low-income sample in Panel A,

but the trend is not as pronounced, and some of the coefficients are indistinguishable from

zero. Overall, the event study results support the parallel trends assumption and provide more

validity to the results presented thus far. Moreover, the event study shows clear increases in

net migration from non-expansion-to-expansion states, particularly for the Medicaid-covered

sample.

6.6 Variation in Treatment Timing

Finally, Table 6, along with Figures 5 and 6, presents results that account for variation in policy

treatment timing using the Callaway and Sant’Anna (2021) estimator, which better accounts
19Table A3 in the appendix shows the corresponding numerical values for the event study results.
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Figure 4: Interstate Migration Across Time: Event Study

Panel A. Below 138% FPL Sample

(a) All States (b) 34 States (c) 21 States

Panel B. Medicaid-Covered Sample

(d) All States (e) 34 States (f) 21 States

Notes:American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each subfig-
ure displays estimated coefficients from estimating the event study model outlined by Equation (2). The
dependent variable is an indicator taking on a value of 1 if an individual either moves from a non-expansion-
to-expansion state or from an expansion-to-non-expansion state, and 0 otherwise. Panel A presents results
for a sample of individuals with family income at or below 138% of the FPL, while Panel B presents those for
a sample of Medicaid-covered individuals. We use three different treatment assignment approaches: time-
invariant including all states in subfigures (a) and (d), dropping early and late expanders leaving 34 states
in subfigures (b) and (e), and only using new and never expanders leaving 21 states in subfigures (c) and
(f). Robust standard errors are clustered at the origin-state level.

for the staggered rollout of Medicaid expansion over the years 2014-2019. Table 6 presents the

aggregated group-time average treatment effects on the treated (ATT) estimating the impact

of Medicaid expansion on migration, obtained from estimating equation (3). We separately

examine impacts on migration out of non-expansion states (Panel A) and migration out of ex-

pansion states (Panel B). Columns (1)-(2) show results for the low-income sample, and columns

(3)-(4) show those for Medicaid-covered individuals. While the Callaway and Sant’Anna (2021)

estimator does allow us to exploit policy variation among states that expanded Medicaid in the

years 2015-2019 (late expanders), it does not address the confounding issue of including states

with generous pre-ACA Medicaid programs, most of which further expanded in 2014 as part of
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Table 6: Impact of ACA Medicaid Expansion on Migration: Staggered DiD with Time Variant
Treatment

Below 138% FPL Medicaid-Covered
(1) (2) (3) (4)

All States 41 States All States 41 States

Panel A: Migration from non-expansion-to-expansion states
Average Treatment Effect (ATT) 0.0001 0.0002 0.0004 0.0008

(0.0003) (0.0003) (0.0002) (0.0003)

Panel B: Migration from expansion-to-non-expansion states
Average Treatment Effect (ATT) -0.0144 -0.0226 -0.0133 -0.0226

(0.0005) (0.0006) (0.0006) (0.0007)
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each
column reports estimated ATTs of the impact of ACA Medicaid expansion on interstate migration
using the Callaway and Sant’Anna (2021) estimator outlined by Equation (3). The dependent variable
in Panel A is an indicator taking on a value of 1 if an individual moves from a non-expansion-to-
expansion state, and 0 otherwise. The dependent variable in Panel B is an indicator taking on a value
of 1 if an individual moves from an expansion-to-non-expansion state, and 0 otherwise. Columns (1)
and (2) present results for a sample of individuals with family income at or below 138% of the FPL,
while columns (3) and (4) present those for a sample of Medicaid-covered individuals. Odd numbered
columns include all states; even numbered columns drop 10 states with generous Medicaid programs
prior to the ACA. Each ATT is obtained using the doubly robust inverse probability weighting (dripw)
estimator using the CSDID command in Stata. Robust standard errors clustered at the origin-state
level are shown in parentheses.

the ACA. The inclusion of such states into the treatment group will necessarily downward bias

any policy effects. For this reason, we present results both for all states and when dropping

early expanders (41 states).

Table 6, Panel A presents estimated ATT’s assessing the impact of Medicaid expansion

on migration from non-expansion-to-expansion states. For the low-income sample, estimated

ATT’s are positive in sign but statistically insignificant, indicating no impact of ACA Medicaid

expansion on migration into expansion states. Among the Medicaid-covered sample, we estimate

positive and significant impacts of Medicaid expansion on migration into expansion states. The

effect is positive and larger in magnitude when dropping early expanding states (leaving 41

states). From Panel A, column (4), we estimate a 0.08 pp increase (p < 0.05) in migration

from non-expansion-to-expansion states. This corresponds to a 200% increase above the mean

low-income, non-expansion out-migration rate of 0.40 in 2013.

Table 6, Panel B presents estimated ATT’s assessing the impact of Medicaid expansion on
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migration in the opposite direction, from expansion-to-non-expansion states. For both the low-

income and Medicaid-covered samples, we estimate negative and statistically significant ATT’s

(all significant at the 1% level), indicating a reduction in migration into non-expansion states

following Medicaid expansion. When dropping early expansion states (leaving 41 states), esti-

mated ATT’s are nearly identical for both the low-income and Medicaid-covered samples. For

both samples, we estimate a 2.26 pp decrease in migration out of expansion states. This trans-

lates to a 109.71% reduction in migration into non-expansion states for the low-income sample

and a 132.16% decrease for the Medicaid-covered sample. Taken together, the results of Table 6

provide nuanced evidence of increased migration from non-expansion-to-expansion states while

providing stronger evidence of decreased migration from expansion-to-non-expansion states.

Corresponding event study estimates from Callaway and Sant’Anna’s (2021) approach out-

lined by Equation (4) are presented in Figures 5 and 6. Figure 5 presents the estimated annual

effects of Medicaid expansion on migration out of non-expansion states, while Figure 6 shows

analogous plots for migration out of expansion states. In each figure, Panel A focuses on the

low-income sample, while Panel B shows results for those covered by Medicaid. From Figure 5,

Panel A, little can be taken away regarding out-migration from non-expansion states among

the low-income sample. Estimated effects are all flat and statistically indistinguishable from

zero for both the sample of all states or when dropping early expanders. For the Medicaid-

covered sample, presented in Panel B, we estimate positive and statistically significant (at least

at the 5% level) post-treatment policy effects that persist for up to four years after a given

state’s Medicaid expansion. This indicates that among Medicaid-covered individuals, Medicaid

expansion induced out-migration from non-expansion states following the policy, at least in the

short-run (1-4 years post-policy).

Finally, Figure 6 presents analogous plots estimating effects on migration out of expansion

states. For both samples, event study estimates for migration from expansion-to-non-expansion

states are more clear than those for migration in the opposite direction in the prior figure. In

each subfigure of Figure 6, we estimate a clear decrease in out-migration from expansion states

following Medicaid expansion. Further, the decline in out-migration persists for the entire
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Figure 5: Migration from non-expansion-to-expansion states

Panel A. Below 138% FPL Sample

(a) All States (b) 41 States

Panel B. Medicaid-Covered Sample

(c) All States (d) 41 States

Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each subfigure
displays estimated coefficients from estimating the event study model following the approach of Callaway and
Sant’Anna (2021) as outlined by Equation (4). The dependent variable is an indicator taking on a value of
1 if an individual moves from a non-expansion-to-expansion state, and 0 otherwise. Panel A presents results
for a sample of individuals with family income at or below 138% of the FPL, while Panel B presents those
for a sample of Medicaid-covered individuals. Subfigures (a) and (c) include all states, while subfigures (b)
and (d) drop 10 states with generous Medicaid programs prior to the ACA. Each ATT is obtained using the
doubly robust inverse probability weighting (dripw) estimator using the CSDID command in Stata. Robust
standard errors are clustered at the origin-state level.

period under study. This indicates that after a state adopted ACA Medicaid expansion, both

low-income individuals and those covered by Medicaid were significantly less likely to migrate
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Figure 6: Migration from expansion-to-nonexpansion states

Panel A. Below 138% FPL Sample

(a) All States (b) 41 States

Panel B. Medicaid-Covered Sample

(c) All States (d) 41 States

Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each subfigure
displays estimated coefficients from estimating the event study model following the approach of Callaway and
Sant’Anna (2021) as outlined by Equation (4). The dependent variable is an indicator taking on a value of 1
if an individual moves from an expansion-to-non-expansion state, and 0 otherwise. Panel A presents results
for a sample of individuals with family income at or below 138% of the FPL, while Panel B presents those
for a sample of Medicaid-covered individuals. Subfigures (a) and (c) include all states, while subfigures (b)
and (d) drop 10 states with generous Medicaid programs prior to the ACA. Each ATT is obtained using the
doubly robust inverse probability weighting (dripw) estimator using the CSDID command in Stata. Robust
standard errors are clustered at the origin-state level.

away from an expansion state and into a non-expansion state. Thus, Figures 5 and 6 illustrate

that the increase in net migration from non-expansion-to-expansion states was largely driven
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by a decline in out-migration from expansion states. In other words, individuals eligible for and

those with Medicaid coverage in expansion states were less likely to migrate to a non-expansion

state after Medicaid expansion.

7 Conclusion

The decision to adopt ACA Medicaid expansion was ultimately left to each state, creating varia-

tion in expansion decisions across states. We revisit Goodman’s (2017) initial work on Medicaid

expansion and interregion migration now that several years of post-policy data are available.

We use three treatment-control group assignment approaches and focus on two population sub-

samples to better target those most likely to be impacted by changes in Medicaid policy: those

with incomes less than 138% of the FPL and individuals with Medicaid coverage. Among those

with incomes below 138% of the FPL, we find mixed evidence of Medicaid expansion inducing

migration from non-expansion-to-expansion states. We find no statistically significant effect

when including all states, a 0.13 pp (9.22%) increase in net migration when dropping early and

late expansion states (34 states), and a 0.26 pp (38.24%) increase when including only new and

never expansion states (21 states). For our sample, this translates to approximately 1,300 -

2,500 new "net migrants" into expansion states following the policy. Using the median state

per-capita expenditure of $6,709 on ACA Medicaid expansion (Medicaid, n.d.), this translates

to over $16 million dollars in additional expense for Medicaid expansion states for our sample.

As the estimates scale up to the full population, both the number of additional net migrants

and additional expenditures likely increase substantially.

We find stronger evidence of migratory trend changes among the Medicaid-covered sample.

Across all three treatment-control group assignment approaches, we estimate a positive and sta-

tistically significant increase (at the 1% level) in net migration from non-expansion to expansion

states among the Medicaid-covered sample. As the treatment assignment approach becomes

more restrictive, the coefficients of interest become larger in magnitude, ranging from a 0.31 to

0.55 pp (26% - 99%) increase in net migration to expansion states after the policy change. For

the relevant sample population of less than 1,000,000, this translates to approximately 3,000
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additional new "net migrants" to expansion states after the policy change, or over $20 million

in additional Medicaid expenses for expansion states (Medicaid, n.d.). Thus, individuals with

Medicaid coverage in expansion states are significantly more likely to have recently migrated

from a non-expansion state after 2014. As this scales up to the full population likely to be

impacted in the U.S., the additional expense to expansion states is likely to be significant.

In addition to the main results, we also explore policy heterogeneity across demographic

and household characteristics. We find that males and Hispanic individuals are more likely to

migrate from non-expansion to expansion states compared to females and (non-Hispanic) white

and black individuals. Across household characteristics, our results show that single adults,

adults without children, and adults without a disability are more likely to migrate than married

adults, adults with children, and adults with a disability. The migratory effects continue to

be larger among the Medicaid-covered sample. The ACA Medicaid expansions intentionally

targeted expanding coverage eligibility to include childless adults. Our analysis shows that the

expansions induced at least some childless adults to migrate to an expansion state, which is

likely tied to the ability to attain Medicaid coverage in those states.

We also use two alternative models to analyze the impacts of ACA Medicaid expansion

on interregion migration, an event study and a staggered difference-in-differences model to

better account for the variation in Medicaid expansion adoption across states. The event study

lends credibility to the parallel trends assumption as most of the pre-policy coefficients are

insignificant, with the exception of 2010. For the post-policy period, we see a positive and

significant impact on net migration that follows an inverse U-shaped pattern; the coefficients

are positive, and increasing in magnitude for 2014 - 2017, and begin to decline in magnitude,

while staying positive, for 2018 to 2019. The coefficients of interest continue to be larger for

the Medicaid-covered sample and when using more restrictive treatment assignment approaches.

The staggered DiD model breaks net migration down into two components: migration from non-

expansion to expansion states (in-migration), and migration from expansion to non-expansion

states (out-migration). We see that changes in net migration are largely driven by a strong

decline in out-migration from expansion states. Less people are moving from expansion-to-non-
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expansion states, likely because they risk losing Medicaid coverage. For those with Medicaid

coverage, we also see an increase in migration from non-expansion-to-expansion states, but the

effect is smaller in size compared to the decline in out-migration from expansion states.

We contribute to the literature and extend Goodman’s (2017) work in several ways. First, we

examine the relationship between interregion migration and ACA Medicaid expansion beyond

the first year after the policy change. Given that migration is costly, both in terms of time and

financially, it is plausible that migration effects are more evident over a longer period of time.

While Goodman (2017) didn’t find significant increases in migration in 2014 for those below

138% of the FPL, we find that net migration continues to increase through 2017 and then begins

to decline in 2018. Second, we complement the traditional approach of analyzing a low-income

sample by using an alternative sample, those with Medicaid coverage, to target those most

impacted by Medicaid policy. Migratory effects are significantly larger for the Medicaid-covered

sample. Third, we also utilize three different treatment-control group assignment approaches

and incorporate the new staggered DiD methods to better account for the variation in ACA

Medicaid expansion decisions across states. Our results highlight the importance of targeting

the sample most likely to be impacted by the policy change and using a treatment-control group

assignment strategy that offers the cleanest counterfactual possible.

Our results also have important implications for policymakers as the ACA continues to be

legally challenged and health policy evolves in the future. Our policy heterogeneity analy-

sis across demographic and household characteristics illustrates that certain subgroups of the

population were more likely to migrate in response to ACA Medicaid expansions than others,

particularly the groups that had the most to gain from the policy change due to low insurance

uptake rates, such as males or Hispanics, or previous exclusion from Medicaid eligibility re-

gardless of income, such as childless adults. Given the overarching goal of the ACA to increase

access to health insurance, Medicaid expansion is one channel of the policy that contributes

to that goal. Our results reveal that Medicaid expansion induced some individuals to move to

expansion states, who likely gained access to Medicaid from that move. While we are able to

capture longer-term effects than Goodman’s (2017) initial work, we are only able to observe
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effects through 2019. Future research can continue to explore even longer-run migration or

other economic effects as more data becomes available. For example, do we see any changes in

labor supply for individuals in expansion states now that they can earn up to 138% of the FPL

without risking their eligibility for Medicaid?
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Appendix
Table A1 and A2 display descriptive statistics following the three treatment-control group
assignment approaches for two samples: low-income sample and the Medicaid-covered sample.

Table A1: Summary Statistics by Alternative Treatment Assignments: Low-Income Sample

Below 138% FPL Sample
All States 34 States 21 States

(1) (2) (3) (4) (5) (6)
Variable Non-Exp. Exp. Non-Exp. Exp. Non-Exp. Exp.

Migrated Across Regions 0.017 0.014 0.016 0.017 0.015 0.016
Medicaid Coverage 0.331 0.498 0.301 0.473 0.296 0.477

Age 39.713 39.49 39.647 39.707 39.74 40.002
Male 0.429 0.447 0.427 0.443 0.425 0.443
Black 0.235 0.144 0.249 0.148 0.264 0.151
White 0.687 0.693 0.672 0.738 0.654 0.765
Hispanic 0.110 0.166 0.133 0.101 0.145 0.063
Immigrant 0.034 0.07 0.04 0.037 0.043 0.020
% FPL 70.88 69.001 70.913 69.32 70.627 70.384
Married 0.269 0.244 0.276 0.251 0.27 0.266
Family Size 2.636 2.592 2.675 2.547 2.672 2.563
Number of Children 0.758 0.757 0.756 0.750 0.744 0.758
High School Degree 0.363 0.337 0.353 0.355 0.351 0.380
Some College 0.324 0.340 0.331 0.342 0.33 0.326
Bachelor’s Degree or More 0.102 0.124 0.102 0.111 0.101 0.086
Unemployment Rate 6.128 6.681 6.206 6.596 6.292 6.694
Maximum EITC Amount 0.026 0.164 0.014 0.074 0.014 0.043
Poverty Rate 14.938 13.834 15.469 13.892 15.668 15.337

Observations 1,422,329 1,440,000 1,050,375 845,498 921,630 411,901
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Table A2: Summary Statistics by Alternative Treatment Assignments: Medicaid-Covered
Sample

Medicaid-Covered Sample
All States 34 States 21 States

(1) (2) (3) (4) (5) (6)
Variable Non-Exp. Exp. Non-Exp. Exp. Non-Exp. Exp.

Migrated Across Regions 0.013 0.008 0.013 0.011 0.012 0.011
With Medicaid Coverage 1 1 1 1 1 1

Age 40.838 40.024 40.931 40.294 41.062 40.619
Male 0.431 0.458 0.424 0.448 0.424 0.443
Black 0.264 0.163 0.289 0.169 0.309 0.167
White 0.662 0.665 0.638 0.717 0.616 0.752
Hispanic 0.098 0.186 0.122 0.110 0.134 0.065
Immigrant 0.027 0.080 0.032 0.039 0.035 0.018
% FPL 153.428 166.704 153.052 156.166 152.866 143.847
Married 0.287 0.280 0.294 0.285 0.286 0.287
Family Size 2.852 2.935 2.900 2.860 2.880 2.802
Number of Children 0.764 0.784 0.754 0.799 0.735 0.779
High School Degree 0.390 0.358 0.374 0.377 0.371 0.397
Some College 0.279 0.319 0.283 0.318 0.282 0.301
Bachelor’s Degree or More 0.068 0.098 0.067 0.084 0.066 0.065
Unemployment Rate 5.889 6.150 6.004 6.098 6.094 6.180
Maximum EITC Amount 0.027 0.205 0.014 0.084 0.015 0.049
Poverty Rate 14.657 13.458 15.362 13.543 15.546 15.171

Observations 859,352 1,400,058 574,323 735,516 496,036 336,454
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Table A3: Impact of ACA Medicaid Expansion on Migration by Year: Event Study

Dependent Variable: Net Migration into Expansion State

Below 138% FPL Medicaid-Covered
(1) (2) (3) (4) (5) (6)

All States 34 States 21 States All States 34 States 21 States

Treat*2010 0.0014 0.0026* 0.0021* 0.0015* 0.0020** 0.0020*
(0.0009) (0.0013) (0.0012) (0.0009) (0.0010) (0.0012)

Treat*2011 0.0010 0.0008 0.0016* 0.0004 0.0010 0.0015
(0.0007) (0.0009) (0.0008) (0.0010) (0.0011) (0.0015)

Treat*2012 0.0007 0.0010 0.0025 0.0008 0.0010 0.0014
(0.0010) (0.0012) (0.0016) (0.0009) (0.0011) (0.0015)

Treat*2014 0.0004 0.0015 0.0026 0.0053*** 0.0049*** 0.0055***
(0.0010) (0.0014) (0.0018) (0.0010) (0.0012) (0.0020)

Treat*2015 -0.0003 0.0020 0.0030** 0.0058*** 0.0073*** 0.0068***
(0.0011) (0.0013) (0.0014) (0.0011) (0.0014) (0.0017)

Treat*2016 0.0009 0.0030** 0.0050*** 0.0058*** 0.0081*** 0.0085***
(0.0012) (0.0012) (0.0018) (0.0011) (0.0014) (0.0024)

Treat*2017 0.0019 0.0033** 0.0053*** 0.0063*** 0.0079*** 0.0085***
(0.0012) (0.0015) (0.0019) (0.0011) (0.0014) (0.0018)

Treat*2018 -0.0006 0.0014 0.0040** 0.0039*** 0.0066*** 0.0074***
(0.0011) (0.0013) (0.0016) (0.0009) (0.0010) (0.0018)

Treat*2019 -0.0001 0.0020 0.0033*** 0.0018** 0.0052*** 0.0066***
(0.0011) (0.0013) (0.0012) (0.0009) (0.0011) (0.0014)

Observations 2,862,329 1,895,873 1,333,531 2,259,410 1,309,839 832,490

Fixed Effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Notes: American Community Survey 1-year Public Use Microdata Sample files, 2010–2019. Each column
reports OLS estimates of the impact of ACA Medicaid expansion on interstate migration using an event study
framework as outlined by Equation (2). The dependent variable is an indicator taking on a value of 1 if an
individual either moves from a non-expansion-to-expansion state or from an expansion-to-non-expansion state,
and 0 otherwise. Columns (1)-(3) present results for a sample of individuals with family income at or below
138% of the FPL, while columns (4)-(6) present those for a sample of Medicaid-covered individuals. We use
three different treatment assignment approaches: time-invariant including all states in Columns (1) and (4),
dropping early and late expanders leaving 34 states in Columns (2) and (5), and only using new and never
expanders leaving 21 States in Columns (3) and (6). Robust standard errors clustered at the origin-state level
are shown in parentheses.
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