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Abstract In the wake of the Affordable Care Act, some US states expanded Medic-
aid eligibility to low-income, working-age adults while others did not. This study
investigates whether this divergence induces migration across state borders to obtain
Medicaid, especially in border regions of expansion states. It compares border with
interior regions’ in-migration in the concerned subgroup before and after the Med-
icaid expansion in linear probability difference-in-difference and triple difference
regression frameworks. Using individual-level data from the American Community
Surveys over 2012-2017, this study finds only a statistically significant increase in
in-migration to border regions after the expansion in Arkansas. The differing results
across states could stem from statistical power issues of the employed regression
analysis but might also result from state peculiarities. In Arkansas, the odds of
having migrated increase by about 48% in its border regions after the Medicaid
expansion compared to before and control regions. If all additional migrants take
up Medicaid, the number of Medicaid beneficiaries in these regions increases by
approximately 4%. Thus, even if the induced migration is statistically significant, it
appears unlikely to impose meaningful fiscal externalities at the regional level.
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Die Ausweitung von Medicaid durch den Affordable Care Act und
zwischenstaatliche Migration in den Grenzregionen der US-
Bundesstaaten

Zusammenfassung Im Zuge des Affordable Care Acts haben einige US-Bun-
desstaaten den Anspruch auf Medicaid auf einkommensschwache Erwachsene im
arbeitsfahigen Alter ausgeweitet, wihrend andere Bundesstaaten dies nicht taten.
Diese Studie untersucht, ob diese Divergenz zu einer Migration liber die Bundes-
staatsgrenzen fiihrt, um Medicaid zu erhalten, insbesondere in Grenzregionen von
Reformbundesstaaten. Sie vergleicht die Zuwanderung in Grenzregionen mit der
Zuwanderung in das Landesinnere in der betroffenen Gruppe vor und nach der
Medicaid-Ausweitung in linearen Wahrscheinlichkeits-Differenz-in-Differenz- und
Dreifach-Differenz-Regressionsanalysen. Unter Verwendung von Daten auf Indivi-
dualebene aus den American Community Surveys der Jahre 2012-2017 findet diese
Studie nur in Arkansas einen statistisch signifikanten Anstieg der Zuwanderung in
die Grenzregionen nach der Ausweitung. Die unterschiedlichen Ergebnisse in den
einzelnen Bundesstaaten konnten von Problemen mit der statistischen Aussagekraft
der durchgefiihrten Regressionsanalyse herrithren. Sie konnten aber auch aus Be-
sonderheiten der jeweiligen Bundesstaaten resultieren. Eine zufillig ausgewihlte
Person in den Grenzregionen von Arkansas hat nach der Medicaid-Ausweitung eine
um 48 % erhohte Wahrscheinlichkeit zugewandert zu sein im Vergleich zu vorher
und den Kontrollregionen. Falls alle zusitzlichen Migranten Medicaid in Anspruch
nehmen, steigt die Zahl der Medicaid-Empfinger in diesen Regionen um etwa 4 %.
Es scheint somit unwahrscheinlich, dass die induzierte Migration zu bedeutenden
fiskalischen Externalititen auf regionaler Ebene fiihrt, selbst wenn der Migrations-
effekt statistisch signifikant ist.

1 Introduction

States with relatively high welfare benefits are long believed to attract low-income
individuals from lower-benefit states, acting as “welfare magnets” (Armenter and
Ortega 2010; Borjas 1999; Brown and Oates 1987). Similar reasoning might apply
to the expansion of public health insurance programs such as Medicaid. Notably, the
Patient Protection and Affordable Care Act (ACA) includes a Medicaid expansion
from 2014 onward to low-income, non-disabled, working-age adults. However, not
all states decided to implement it. Should expansion states then worry about an
inflow of low-income individuals attracted by Medicaid?

Previous studies could not find any state-level migration effects induced by Med-
icaid expansions (Alm and Enami 2017; Goodman 2017; Schwartz and Sommers
2014). However, much of this migration would arise in regions at the state border
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(McKinnish 2005). This phenomenon can strain border regions considerably, even
if the overall state-level migration effects are negligible.

Therefore, this paper aims at evaluating ACA Medicaid-induced border migration.
It compares the in-migration of low-income, working-age individuals to border and
interior regions of the same state before and after the ACA in difference-in-difference
and triple difference frameworks based on individual-level American Community
Survey (ACS) data (Ruggles et al. 2020).

This paper is not the first to study border migration induced by the ACA Medicaid
expansion. Most notably, Goodman (2017) considers migration of individuals from
border regions to border regions by restricting its sample accordingly. However, this
substantially decreases the available number of observations and results in statistical
power issues, making it impossible for Goodman (2017) to identify any border
migration effects.

To overcome these issues, this paper uses the border-versus-interior-regions ap-
proach suggested by McKinnish (2005, 2007) and adapted to the 2006 Massachusetts
Medicaid expansion by Alm and Enami (2017). This approach compares the evolu-
tion in migration rates to border regions to the ones of interior regions for the state
enacting a reform. At a state border with a Medicaid coverage difference, the border
regions on the expansion side should attract more in-migrants after the Medicaid
expansion than before, and this increase should be larger than in interior regions.
Using this approach, Alm and Enami (2017) could identify border migration effects
for the Massachusetts Medicaid expansion.

The contribution of the present study to the literature is twofold. First, it is the first
one that applies the border-versus-interior-regions approach to the ACA Medicaid
expansion and evaluates Medicaid migration effects for five states at once (Arkansas,
Illinois, Iowa, Maryland, and New Mexico). Second, the present study extends until
2017, adding three more years to Goodman’s (2017) observation period. This allows
both to increase the number of observations and study slightly longer-term effects
of the Medicaid expansion on migration.

This paper can only identify a statistically significant, positive Medicaid migration
effect for Arkansas. The other states exhibit insignificant migration effects, which
sometimes even turn negative, indicating that no Medicaid migration occurs. The
differing results across states could stem from statistical power issues but might also
result from state peculiarities.

For Arkansas, the odds of having migrated are about 48% higher post-ACA in
concerned border regions compared to before the ACA and interior regions. How-
ever, the effect is small in the aggregate due to the baseline migration odds of about
0.05. If all additional migrants take up Medicaid, the number of Medicaid beneficia-
ries in these regions increases by less than 4.2%. This increase seems manageable,
probably not imposing a meaningful fiscal externality on regional budgets.

The following section discusses the existing literature on public services migra-
tion in the US in more detail. Sect. 3 provides background on the ACA Medicaid
expansion, the data, and study units, while Sect. 4 presents the empirical strategy
and discusses the parallel trend test results. Sect. 5 presents the main results, while
Sect. 6 discusses the reasons for the many insignificant results. Sect. 7 performs
robustness checks, while Sect. 8 concludes.
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2 Public services and internal migration

The basic economic migration model constitutes migration decisions as a cost-
benefit analysis. In this framework, individuals weigh the costs and benefits of their
location options and migrate when the benefits from relocation outweigh the costs
(Molloy et al. 2011; Tiebout 1956). Three main reasons for migration emerge from
the literature: economic opportunity, public goods/services provision, and natural
amenities. Public health insurance, such as Medicaid, can be considered a special
kind of public services.

Public services migration also includes welfare migration, which has been studied
extensively. It is related to the welfare-magnet theory. States with relatively high
welfare benefits should attract low-income individuals from low-benefit states while
concurrently retaining those already living in the state (Kennan and Walker 2013).
Thus, they act as “magnets” for low-income individuals. This could lead to a race
to the bottom in setting benefit levels due to competition among states (Armenter
and Ortega 2010; Bailey and Rom 2004; Saavedra 2000).

Welfare migration is more likely to occur to and from border regions. In this case,
interstate migration costs are lower as physical relocation and information costs are
lower, while networks are more likely to persist (Baker 2020; Greenwood 1997;
McKinnish 2005). Welfare recipients have limited financial means, restraining their
possibility of moving long distances (McKinnish 2005, 2007; Snarr and Burkey
2006). Concurrently, state public policies, such as welfare benefits and Medicaid
coverage, change abruptly at the state border. This results in appreciable differences
in benefit levels within a short-distance move (McKinnish 2005). In sum, border
regions play a particular role in welfare migration as comparatively short-distance
moves can already lead to significant changes in the policy environment while only
small migration costs arise.

There exists a sizable empirical literature on welfare migration. Welfare benefit
generosity appears to have a positive but moderate effect on migration (Bailey 2005;
Brueckner 2000; De Jong et al. 2005; Gelbach 2004; Kennan and Walker 2010).
This effect’s scale is typically not large enough to matter in the aggregate for states’
budgets (Gelbach 2004).

An innovative approach by McKinnish (2005, 2007) evaluates welfare migration
by exploiting that welfare migration is more likely to occur in border regions. It
compares welfare participation rates in state border counties to interior counties’
ones for both high- and low-benefit states. More welfare-generous states should
have higher welfare participation rates in their border regions compared to both
interior ones and the neighboring low-benefit states’ regions due to short-distance
interstate border migration (McKinnish 2005). This hypothesis is tested by esti-
mating a difference-in-difference model. This approach de facto underestimates the
actual migration effect as some migrants might also move to or from interior regions.
Another study extends this framework to individual-level microdata and adds a time
dimension by using observations from the 1980 and 1990 Censuses (McKinnish
2007). The thereby obtained results are similar to other studies on welfare migration
in finding significant but small welfare-migration effects (McKinnish 2005, 2007).
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Medicaid might also induce migration. This migration is not necessarily identical
to the welfare benefits one as the target group and eligibility rules differ (Goodman
2017). Potenzial and current Medicaid beneficiaries tend to move, ceteris paribus,
to states with higher Medicaid benefits (Cebula and Clark 2013). The decision to
expand Medicaid might hence induce in-migration to an expansion state.

There were already Medicaid expansions in selected US states before the ACA.
Several studies have exploited these policy changes to analyze their effect on in-
terstate migration. They do not find any state-level effect of Medicaid expansion
on migration (Alm and Enami 2017; Schwartz and Sommers 2014). Global ef-
fects could neither be found for the ACA Medicaid expansion, except for particular
subpopulations such as homeless individuals (Baker 2020; Goodman 2017; Kumar
2021). However, states are quite large and far apart, rendering migration mostly
long-distance and hence costly.

Relevant border migration might nevertheless occur as it is less costly (Baker
2020). Border migration might be so locally concentrated that migration flows are
insignificant at the state level. They might still distinctively impact border regions as
the latter have to cope with the low-income migrant influx and its associated costs
(for instance, for hospital infrastructure, roads, housing, utilities provision, and po-
lice, while local taxes do not increase proportionally). Border migration effects have
been found for the 2006 Massachusetts Medicaid expansion in border cities (Alm
and Enami 2017). These effects are identified by comparing the population growth
of low-income individuals in border cities to its growth in Massachusetts’s interior
cities before and after the reform in a difference-in-difference framework in the
spirit of McKinnish (2005, 2007). If Medicaid-expansion-induced border migration
occurs, this population growth should be ceteris paribus higher in border cities com-
pared to interior ones and pre-expansion growth rates. Empirically, a relatively large
migration effect appears for cities close to the border. However, it decreases rapidly
with increasing distance to the border and disappears completely beyond 25 km from
the border (Alm and Enami 2017). The results also hold when employing triple dif-
ferences by additionally comparing to either population growth of higher-income
individuals or the population growth pattern in neighboring, non-expansion states
(Alm and Enami 2017).

In contrast, Goodman (2017) cannot isolate any border migration effects for the
ACA Medicaid expansion in 2014. The study assesses border migration by restrict-
ing its sample to border regions only. It analyzes commuting zones that straddle
expansion/non-expansion state borders, respectively, Public Use Microdata Areas
(PUMASs) with a population-weighted centroid within a certain distance from these
borders (75, 150, and 250km). Potentially Medicaid-eligible individuals from these
border regions are not significantly more likely to migrate from a non-expansion to
an expansion state than before the reform (Goodman 2017). However, small border
migration effects cannot be ruled out due to large confidence intervals (Goodman
2017).

Goodman’s (2017) approach appears the most intuitive one to study the particular
effects of border migration. However, it substantially decreases the number of avail-
able observations, resulting in statistical power issues and rendering the identification
of border migration effects difficult even though they might exist. Therefore, another
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approach is needed to identify potential migration effects of the Medicaid expansion.
Using the border-versus-interior-regions approach, Alm and Enami (2017) were able
to isolate a border migration effect for a Medicaid expansion by comparing border
to interior regions.!

Consequently, the present paper employs the approach of Alm and Enami (2017)
and McKinnish (2005, 2007) and applies it to the ACA Medicaid expansion to gain
a more precise picture of the latter’s border migration effects. The approach will
be adapted to the present case by using individual-level migration data with a more
precise identification of the affected subpopulation, employing PUMASs to delimit
regions, and studying five expansion states at once. The present paper follows other-
wise closely Goodman’s (2017) overall study set-up. This includes the data source
(IPUMS USA ACS), individual-level data, subsample, and most control variables.

The present study also assesses whether the diverging results of Goodman (2017)
and Alm and Enami (2017) are due to the considered states or the employed method-
ology. If the present study obtained statistically significant results, the technique used
to study Medicaid border migration would matter. If the obtained results were not
significant, there would be something special about the Massachusetts reform or
about studying cities as opposed to PUMAs.

Furthermore, the present study extends until 2017, adding three more years to
Goodman’s (2017) observation period. This allows pooling years, increasing the
number of observations and smoothing yearly fluctuations in the migration rate.
Besides, this permits studying slightly longer-term migration effects of the Medicaid
expansion. Migration effects might not be visible until 2015 due to increasing public
awareness about Medicaid differences across states (Baker 2020; Goodman 2017,
Kumar 2021).

3 The Medicaid expansion of the ACA, data sources and study unit

The ACA is a health insurance reform passed in March 2010. Its Medicaid ex-
pansion was implemented for the first time on January 1, 2014. The ACA aims
at increasing health insurance coverage as previously approximately one-fifth of
the non-elderly population was uninsured (Duggan et al. 2019). It includes several
provisions, including expanding the public health insurance program Medicaid to
previously ineligible parts of the population. This concerns working-age, non-dis-
abled adults with a gross income of their Health Insurance Unit (approximately
a family) equal to or below 138% of the federal poverty (guide)line (FPL) (Leung
and Mas 2016). The ACA’s further measures include health insurance subsidies to
those with slightly higher income levels (between 100% and 400% of the FPL), pri-
vate health insurance market reforms, and penalties on individuals without insurance
(Duggan et al. 2019). Before the reform, working-age, non-disabled adults could ei-

! Alm and Enami (2017) can probably identify a border migration effect because of the larger amount of
usable data per state with the border-versus-interior-regions approach. Even though the size of the treatment
group remains the same, this approach allows for a more precise estimation of the control variables’ effect
on the probability of migrating, leading to a better isolation of the Medicaid migration effect.
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ther obtain health insurance through their employers (though not all offered it) or
conclude insurance themselves (relatively expansive and given no severe pre-exist-
ing conditions) (Leung and Mas 2016). In Medicaid non-expansion states, adults
below the FPL are not eligible for any health insurance aid, thus potentially without
coverage. Those between 100 and 138% of the FPL can resort to subsidies, which
are less advantageous for the individual than Medicaid (Goodman 2017; Leung and
Mas 2016).

This paper focuses on the Medicaid expansion effects as this sub-program has
an explicit cutoff and beneficiary group. It has been implemented uniformly across
all states that chose to expand. The Medicaid expansion is a means-tested program
and involves no cost-sharing for the beneficiary as the health insurance premiums
are essentially equal to zero (Duggan et al. 2019). There is no blocking period
for Medicaid. If one moves to another state, a new application is needed, but no
minimum residency is required (Stringfellow 2017).

Initially, an expansion of Medicaid for all US states was intended. However, the
Supreme Court ruled in 2012 that states may choose whether to expand Medicaid or
not (Goodman 2017). A considerable number of states then decided not to expand
Medicaid. Some states already had state-level provisions expanding Medicaid before
the ACA, which were converted into the ACA Medicaid program. In the expansion
states, the federal government fully finances the Medicaid expansion from 2014 until
2016. Afterward, federal funding gradually declines. From 2020 onward, the federal
government covers 90% of the Medicaid expansion and the respective state the rest
(Goodman 2017).

The expansion and non-expansion states are geographically dispersed (see Fig. 1).
To give an overview of the Medicaid expansion status:

e 10 states (including the District of Columbia) had already expansions in place
before 2014,

e 16 states expanded in January 2014,

7 states expanded later (2014-2016), and

e 18 states have not expanded until the end of 2017 (Black et al. 2019; The Henry
J. Kaiser Family Foundation 2019) (see the online resource table I for a complete
list of states).

The present paper uses individual-level ACS data retrieved from [PUMS USA
(Ruggles et al. 2020). The ACS is a survey of a 1% sample of the US population.
It is representative of any place with a population larger than 65,000 (US Census
Bureau 2018). This data source provides yearly data and information on migration
over the previous year. It is not possible to track individuals across years due to
confidentiality protection.

The ACS provides data on health insurance. This data includes whether the indi-
vidual in question is below the Medicaid eligibility threshold, is covered by Medi-
caid, and whether she has any health insurance coverage. The ACS further supplies
a wide range of socioeconomic variables such as age, sex, race, income, marital
status, family size, and educational attainment.

The studied subsample includes only individuals potentially eligible for the Med-
icaid expansion: income below or equal to 138% FPL, and between 18 and 64 years
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Fig.1 Map of US States by Expansion Status. Expansion status is assigned after Black et al. (2019)
and The Henry J. Kaiser Family Foundation (2019). The present paper can ultimately only analyze five
expansion states: Arkansas, Illinois, Iowa, Maryland, and New Mexico. For der underlying reasons, see
the main text

of age. One eligible individual per Health Insurance Unit was selected randomly to
reduce the design factor.

The smallest identifiable geographic unit in the data are PUMAs. A PUMA is
a statistical entity consisting of one or more counties or census tracts combining
a population of at least 100,000 (IPUMS-USA n.d.). If a county has less than
100,000 inhabitants, it is merged with another county to create a PUMA. If an
area has more than 200,000 inhabitants, it is split (IPUMS-USA n.d.). No PUMA
crosses state boundaries. Between 2011 and 2012, the PUMA delineations changed
to ensure further compliance with the PUMA definition cited above (IPUMS-USA
n.d.). This study uses only the newer PUMA delineation to ensure consistency and
covers the period 2012-2017.

Medicaid-induced migration might have occurred in the studied subgroup before
2012 only due to single states passing state-level Medicaid expansion laws. The
ACA Medicaid expansion was thought to cover all states uniformly before the
Supreme Court ruling in June 2012. Thus, any anticipatory migration effects related
to the ACA should only start in the second half of 2012 and ultimately in 2013.
Data from 2013 might already have a partial treatment effect included (Goodman
2017). However, the mean and median ACS interviews are conducted in June of
the considered year (Goodman 2017). Interviewees were always asked whether they
moved within the last 12 months. Thus, 2014 interviews will pick up several moves
that happened during 2013.

States are classified into non-expansion, expansion, late-expansion, and early-
(pre-ACA- ) expansion states, as shown in Fig. 1. This study focuses on the migra-
tion effects in expansion states. A border region in this study is a PUMA whose
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population-weighted centroid is less than 40km away from the state border. This
threshold is based on the work on welfare migration by McKinnish (2005, 2007),
which uses the same threshold.

The treatment PUMASs of interest are the border PUMAs in an expansion state that
border a non-expansion state. PUMAs bordering a late- or an early-expansion state
might have distinct migration effects.? Therefore, they are excluded from the analysis
sample. It is also possible that a PUMA borders two different states with different
expansion statuses. If this involves a late- or early-expansion state, the PUMA is
excluded from the analysis sample to avoid diluting the estimated migration effect.
PUMASs bordering another expansion state should not experience any change in
migration due to no Medicaid-related incentives to migrate. They are part of the
control group together with the interior PUMAs. In sum, the following classification
scheme has been applied to the PUMAs:

e bordering a late-expansion state: excluded from the analysis sample,

e bordering an early-expansion state: excluded from the analysis sample,

e bordering a non-expansion state, while not falling in the two categories above:
treatment group (referred to hereafter as treated border regions),

e bordering only another expansion state: control group (control regions), and

e not bordering any state: control group (control regions).

Half of the sixteen expansion states do not have any treated border regions and
are excluded ex-ante from the analysis®. The retained eight expansion states at this
stage are Arkansas, Illinois, lowa, Kentucky, Maryland, New Mexico, Washington,
and West Virginia. Maps in the online resource show treatment and control regions.

4 Empirical strategy

This paper investigates whether the treated border regions of expansion states attract
more in-migrants after the ACA compared to both their pre-ACA migration rates and
the migration evolution in these states’ interior regions. Empirically, this is studied
in a difference-in-difference framework. The first difference in this framework is
between pre-and post-ACA years. The second difference is between treatment and
control regions in expansion states. The interaction of these two differences then
captures the effect of the ACA Medicaid expansion on migration.*

2 Expansion-state PUMAs bordering a late-expansion state should experience some Medicaid-induced in-
migration in the early years until it became clear that the neighboring state will also expand. PUMAs
bordering an early-expansion state might experience some in-migration by individuals, who migrated to
the neighboring state to obtain Medicaid and now return back. However, this migration effect should be
smaller than the original Medicaid-expansion one as migration is costly and many individuals probably do
not return.

3 New Jersey, Ohio, and Rhode Island do not border any non-expansion states. The population-weighted
centroids of PUMAs bordering non-expansion states in Arizona, Colorado, Nevada, North Dakota, and
Oregon are more than 40km away from the border. The PUMAs there are very rural and hence very large.

4 The present study hypothesizes that the migration induced by the Medicaid expansion is predominantly
a border regions’ one. Almost no state-level migration effects can be identified for Medicaid-expansion
migration between expansion and non-expansion states for the present analysis sample (see online resource
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More precisely, the estimated model is the following:
Yirst = o + Bipost, + Brborder, + § (border, - post,) + 0X;r + s + it (1)

where yi, is a dummy taking the value of one if an individual i residing in region
r of state s at time ¢ has migrated across any state border but within the US in the
past 12 months before the interview in the considered year. Otherwise, the dummy
takes the value of zero. Migrants from outside the US are dropped from the dataset.
Thus, the dummy captures in-migration in the past year.’post, is a dummy taking
the value of one for post-reform (treatment) years (2014-2017) and zero otherwise
(2012 and 2013). border, is the treatment region dummy, taking the value of one
if an individual resides in a treated border PUMA as defined above. Otherwise,
the dummy takes the value of zero. The dummy is coded as a missing value for
individuals residing in PUMAS bordering late- or early-expansion states. border, *
post, is the interaction term of the border and post dummies. Its coefficient § captures
the treatment effect of the ACA Medicaid expansion on migration. J is expected to
be positive.

X is a vector of individual-level control variables detailed below. u, are state
fixed effects (FEs), which are included when pooling several states together. ;. is
the error term.

The difference-in-difference framework already captures a lot of variation be-
tween entities, especially those due to specific years (for instance, federal reforms
or national economic downturns) or locations (treatment versus control regions, ur-
ban versus rural). It also captures baseline migration levels, which occur due to
various other reasons than the studied Medicaid expansion (job, education, natural
amenities, family ties, other public services). The difference-in-difference frame-
work captures migration due to higher wage or lower price levels in certain regions
if the respective differences in wages and prices are constant over time.® Besides,
the state FEs capture state-specific, time-invariant characteristics when several states
are pooled together.

Control variables for age, sex, race, income, marital status, family size, and
educational attainment have been added as these factors all influence migration
decisions (Foster 2017; Molloy et al. 2011; Rosenbloom and Sundstrom 2004).

table II). This is in line with former studies (Alm and Enami 2017; Goodman 2017; Schwartz and Sommers
2014). Thus, the migration flows to interior regions appear to be negligible and are hence neglected in the
present setup in favor of estimating a differential effect.

5 If only migrants from neighboring non-expansion states are considered, the number of migrants drops
so low for single states that no meaningful regression analysis can be run. Thus, this analysis retorts to the
broader migration definition presented above. Even if the migrants’ origin is not controlled for, they are
still more likely to migrate to border regions ceteris paribus as all the other differences in potential pull-
factors are controlled for by the difference-in-difference nature of the framework. This would not be the
case if Medicaid migrants more than proportionally favored cities compared to other migrants. However, no
evidence can be found for this (see robustness check subsection 7.2). Instead, a slight advantage of border
regions still remains due to being close for migrants originating from the other side’s border regions.

6 Regional business cycle fluctuations might result in time-varying differences in income opportunities,
which would pose a threat to identification. However, no effect of PUMA-level employment rates on mi-
gration and the obtained results can be identified (results available upon request).
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Including control variables improves precision by avoiding omitted variable bias and
mitigating any effects of changes in the sample composition over time (Goodman
2017).

This difference-in-difference framework can be expanded to a triple difference
one by additionally comparing migration by higher-income individuals (between 200
and 400% FPL) to migration by Medicaid-eligible ones. As the Medicaid expansion
is almost exclusively financed by the federal government, the Medicaid expansion
should not affect middle- and high-income individuals via state taxes, hence not
resulting in any migration incentive. The triple difference set-up additionally controls
for state-specific migration shocks unrelated to the Medicaid expansion. It requires
adding a dummy for Medicaid eligibility and further interaction terms. The triple
interaction term of Medicaid eligibility, treatment region, and post-ACA period now
captures the treatment effect.

The corresponding regression equation is:

Vit = @ + Bipost, + Boborder, + Bsmedicaid; + y,; (border, - post,)
+ ¥z (post, - medicaid;) + y3 (border, - medicaid;) 2)
+ §(border, - post, - medicaid;) + 0 X;; + s + Eirst

Both frameworks require a linear probability model as the dependent variable in
the regressions is binary. Both ordinary least squares (OLS) and logistic models are
estimated. The calculated standard errors are robust and clustered at the state level
when the regression includes several states.

Some prerequisites need to be fulfilled to estimate a valid difference-in-differ-
ence model. For instance, no self-selection into the treatment group should occur
that might influence the estimated migration effect. Living in a treated border re-
gion previous to the ACA reform can be considered reasonably exogenous to the
individual.’

Individuals might also self-select into eligibility for Medicaid by reducing their in-
come to fall below the eligibility threshold. However, the literature can only identify
tiny, if any, changes in labor supply after the ACA Medicaid expansion (Gangopad-
hyaya and Garrett 2020; Gruber and Sommers 2019; Kaestner et al. 2017). This
renders it unlikely that a substantial number of individuals reduced their working
hours, hence their income, to be eligible for Medicaid. However, a sample-selection
effect due to income differences across regions is conceivable. An individual who
lived in a high-income region 12 months before the ACS interview would be more
likely to be in the selected sample if she migrated to a low-income region with fewer
absolute earning opportunities. Conversely, an individual would forego her Medi-
caid eligibility if her income rises above the eligibility threshold after migrating

7 The Medicaid expansion of the neighboring state as well as the non-expansion of one’s own state of res-
idence might be unsurprising given the respective states’ track record on public programs. Thus, residents
of a state with a poor track record are less likely to out-migrate to obtain Medicaid as they have chosen to
reside in a non-generous state in the first place. This kind of self-selection would lead to an underestimation
of the Medicaid-induced migration flow. Any obtained estimate can be considered a lower bound in this
sense. Nevertheless, no evidence can be found that surprising (non-) expansion states experience larger in-
(out-) migration after the ACA.
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to a higher-income destination. In the latter case, the Medicaid-related incentive to
migrate would be reduced. Both channels result in an upward bias of the estimated
migration flow to a low-income region. However, there is no correlation between
being a treated border region and having a lower average income.

The parallel trend assumption has also to hold to estimate the ACA Medicaid
expansion’s causal effect on migration. The in-migration rates to treated border and
control regions should exhibit parallel trends before the expansion. There should
neither be any third factor inducing differences between the treatment and con-
trol group concurrently with the reform. However, no major reform with a similar
geographic distribution is happening simultaneously as the ACA.

Parallel trend tests have been conducted using data for 2008-2011 and the old
PUMA delineations.® Difference-in-difference and triple difference event study re-
gressions have been estimated to this effect. The overall set-up is similar to the main
regressions’ one, but now several year dummies and interaction terms are included:
one for each year over 2008-2010, 2011 being the reference year. In the case of
parallel trends, there should not be any time-varying differences in migration rates
between the treatment and the control group relative to the 2011 difference in migra-
tion rates, conditional on the control variables. The treatment effect coefficients for
all years are thus expected not to be statistically significant. This is almost always
the case for the expansion states (see online resource table III for Arkansas and
Maryland; results for the other states available upon request).

Tests of joint significance have been conducted for all treatment effect coefficients
together. In the case of parallel trends, the tests should not reject the null hypothesis
of the treatment effect coefficients being jointly equal to zero (respectively equal to
one for the odds ratios of logistic regressions). The p-values should hence be high,
at least >0.5. If these tests favor parallel trends in migration over 2008-2011, this
suggests parallel trends up until the ACA.

The obtained p-values vary considerably across states (Table 1), indicating dif-
fering parallelism strengths in pre-reform migration rate trends. In the difference-in-
difference set-up, only Arkansas and Maryland have p-values above 0.5. In the triple
difference regressions, this is the case again for Maryland as well as for Illinois,
Iowa, and New Mexico.® Therefore, the present study only examines regressions
results for these five states.

8 Data on compliance with the Medicaid eligibility threshold is available from 2008 onward only. One
cannot use the main data from 2012 and 2013 for the parallel trend tests as the PUMA delineations change
between 2011 and 2012. Only four of the eight expansion states with treated border regions exhibit PUMA
delineations that did not change or only in such a way as to not overly affect the borders of the treatment
and control regions (Arkansas, Kentucky, New Mexico, Washington). For these four states, parallel trend
tests over 2008-2013 have also been run. Their results are very similar to the here presented ones (see
robustness check subsection 7.4 and the online resource maps).

9 Adding further control variables such as PUMA-level employment rates or time trends does not improve
the parallel trend test results. Implementing more advanced econometric techniques such as synthetic con-
trol groups or state-level pre-treatment trends (Willage 2020) is not possible due to the regional definitions
and limited data. Thus, the proposed regression framework appears the best possible given the available
data and the research question at hand.
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Table 1 p-Values of Parallel Trend Tests per State

Difference-in-Difference Triple Difference
State OLS Logistic OLS Logistic
Arkansas 0.67 0.62 0.35 0.44
Tllinois 0.03 0.04 0.57 0.76
Towa 0.31 0.28 0.62 0.74
Kentucky 0.10 0.14 0.02 0.03
Maryland 0.64 0.51 0.92 0.87
New Mexico 0.25 0.31 0.86 0.45
Washington 0.25 0.24 0.14 0.14
West Virginia 0.13 0.12 0.24 0.43

This table reports the p-values of F- (OLS regressions) respectively X>- (logistic regressions) tests of
joint significance of all the treatment effect coefficients together (border - year for the difference-in-differ-
ence and border - year - medicaid for the triple difference regressions) from event study regressions over
2008-2011 including controls. The higher the p-value, the stronger is the case for having parallel trends
in migration rates of treatment and control regions before the ACA. Cells marked in bold have p-values
above 0.5, strongly hinting at parallel trends in migration rates before the ACA

5 The Medicaid expansion migration effect

This paper hypothesizes that the Medicaid expansion increases in-migration rates of
treated border regions compared to their pre-expansion levels and control regions’
migration rate evolution. Thus, the treatment effect coefficient is expected to be
positive.

Tables 2 and 3 report the difference-in-difference (columns 1 and 2) and triple
difference (columns 3—7) results for the expansion states with treated border regions
and satisfactory parallel trend test results. The states are presented in decreasing
order of their parallel trend tests’ p-values. Summary statistics for Arkansas and
Maryland can be found in the online resource table IV.

In the difference-in-difference regressions, both Arkansas and Maryland have, as
expected, a positive treatment effect coefficient of Medicaid-expansion-induced mi-
gration. However, it is only statistically significant at the 5% level for Arkansas. For
the latter, the probability of having migrated to its treated border regions increases
by 1.3 percentage points following the ACA compared to before and control regions
according to the OLS regression. The baseline migration rate in these regions was
5.5% in 2012. According to the logistic regression, the odds of having migrated
are 48% higher for individuals living in these regions after the ACA compared to
before and control regions. The post coefficients are not statistically significant in
these regressions, indicating that overall migration has not increased in the post-
ACA years (2014-2017). The border coefficient is only statistically significant and
positive for Arkansas, indicating that migration to Arkansas’ treated border regions
has always been higher than to its interior ones. No such effect is discernable for
Maryland.!?

10 This insignificant effect might be due to Maryland only having one treated border PUMA, potenti-
ally leading to its insignificant border and treatment effects at the same time (discussed more in detail
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Table 2 Pre- versus Post-ACA Migration: OLS
1 2) 3) “) (5) (6) (7
OLS OLS OLS OLS OLS OLS OLS
Migration Migration Migration Migration Migration Migration Migration
Post -0.005  0.001 0.006 -0.003  -0.000  0.001 0.001
(0.004)  (0.003)  (0.005)  (0.005)  (0.004)  (0.002)  (0.001)
Border 0.010"  0.002 0.008 -0.011 0.016" 0.005 0.006
(0.005)  (0.011)  (0.011)  (0.010)  (0.009)  (0.005)  (0.005)
Medicaid - - 0.012""  0.006 0.022""  0.013™  0.013"
(0.005)  (0.006)  (0.006)  (0.003)  (0.003)
Treatment DD 0.013  0.005 0.011 0.043™"  —0.002 0.001 0.005
(border - post) (0.006)  (0.015)  (0.017)  (0.016)  (0.010)  (0.006)  (0.007)
[0.001;  [-0.024;
0.025] 0.034]
Border * medi- - - -0.005 0.001 -0.020  -0.012" -0.012""
caid (0.016)  (0.013)  (0.014)  (0.006)  (0.004)
Post * medicaid - - -0.004 -0.000  -0.008 -0.004  —-0.004™
(0.006)  (0.006)  (0.006)  (0.003)  (0.001)
Treatment DDD  — - —0.006  -0.014  0.030" 0.007 0.010
(border - post - 0.022)  (0.020)  (0.017)  (0.008)  (0.007)
medicaid) [-0.050; [-0.053;  [-0.003; [-0.008; [-0.012;
0.038] 0.026] 0.063] 0.023] 0.032]
Age -0.000""  -0.001" -0.001"" -0.001"" -0.001""" -0.001"" -0.001""
(0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Male -0.003  -0.001 0.002 0.001 0.001 0.001 0.001"*
(0.003)  (0.004)  (0.003)  (0.003)  (0.003)  (0.001)  (0.000)
White non-His- -0.003 -0.004 0.004 0.032™"  —0.016"  -0.008""  —-0.000
panic (0.008)  (0.013)  (0.009)  (0.004)  (0.009)  (0.003)  (0.010)
Hispanic -0.012 0.014 0.017 -0.006 0.006 -0.007"  -0.006"
0.009)  (0.017)  (0.013)  (0.003)  (0.011)  (0.004)  (0.002)
Black -0.011 -0.025™ -0.016"  0.008 0.006 -0.003 -0.004
(0.009)  (0.012)  (0.008)  (0.010)  (0.012)  (0.004)  (0.010)
Total family 0.000 -0.000"  —=0.000"* 0.000 -0.000  0.000 -0.000
income (2014 $) (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Married 0.013  0.009 0.011™  0.008"  0.002 0.005  0.006™
(0.005)  (0.007)  (0.005)  (0.003)  (0.003)  (0.002)  (0.002)
Family size -0.002"  —0.005"" -0.006"" -0.006"" -0.006"" -0.004"" -0.005""
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Bachelor plus 0.028™  0.041""  0.036™"  0.0277"  0.034™"  0.024™  0.029""
(0.009)  (0.010)  (0.007)  (0.005)  (0.005)  (0.002)  (0.004)
College plus 0.000 0.013"  0.013""  -0.005 —0.000 -0.001 -0.000
(0.004)  (0.005)  (0.004)  (0.003)  (0.003)  (0.002)  (0.002)
High school 0.004 0.004 0.004 -0.006  -0.000  0.002 -0.001
diploma plus (0.004)  (0.003)  (0.003)  (0.004)  (0.005)  (0.002)  (0.003)
Constant 0.047°"  0.079"™  0.062""  0.084™"  0.082""  0.046"™"  0.054"
(0.011)  (0.016)  (0.012)  (0.010)  (0.012)  (0.005)  (0.006)
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Table 2 (Continued)

@ (@) 3 “@ () © O]
OLS OLS OLS OLS OLS OLS OLS
Migration Migration Migration Migration Migration Migration Migration
N 26,352 10,306 17,755 31,918 35,355 95,190 180,218
R? 0.007 0.034 0.035 0.020 0.018 0.009 0.014
State Arkansas Maryland Maryland New Towa Illinois Maryland,
Mexico New
Mexico,
Towa,
Illinois
p-value parallel 0.67 0.64 0.92 0.86 0.62 0.57 -

trend test

The first two columns report the results from OLS difference-in-difference regressions of the form
Yiss = o + Bipost, + Brborder, + § (borderr ~p05t,) + 6X;; + &g estimated at the indi-
vidual level. Columns 3 to 7 report the results from OLS triple difference regressions of the form
Yirs = @ + Bipost; + Brborder, + Bzmedicaid; + y; (borderr . post,) + (postt . medicaidi) +
y3 (border, - medicaid; ) + & (borderr - post; - medicaidi) + 0X;; + it also estimated at the individual
level. Column 7 additionally includes state FEs. The years 2014-2017 are considered post years, while
2012 and 2013 are not. Medicaid indicates Medicaid eligibility. The comparison group consists of indi-
viduals with an income between 200 and 400% FPL. For more details, see the main text. Robust standard
errors (additionally clustered at the state level in column 7) are in parentheses; 95% confidence interval
bounds are in brackets; * p<0.1, - p<0.05, e p<0.01

A back-of-the-envelope calculation for Arkansas shows that the additional num-
ber of Medicaid beneficiaries due to induced migration is inconsequential from
a regional-level perspective. In 2012, 14,499 low-income individuals migrated in-
terstate to treated border regions in Arkansas, while 251,534 lived there already,
resulting in a migration rate of 5.5%. The Medicaid-induced migration rate increase
by 1.3 percentage points amounts to 3853 additional migrants. This increases the
number of Medicaid-eligible working-age adults in treated border regions by 1.5%.
The total number of “native” Medicaid beneficiaries in these regions in 2015 equals
92,658. If all additional migrants take up Medicaid, the number of Medicaid bene-
ficiaries increases by less than 4.2%. The corresponding state-level shares are even
smaller. Thus, the number of additional migrants due to the Medicaid expansion
is statistically significant for Arkansas but is presumably not relevant size-wise for
policymakers at the regional and state level.!!

The difference-in-difference framework can be turned into a triple difference
one by adding observations for higher-income, non-Medicaid eligible individuals as
comparison group. Columns 3-6 report the results by state. The treatment effect’s

in section 6). However, one cannot conclude per se that an (in)significant border coefficient implies an
(in)significant treatment effect as the dummy’s task is to control for pre-existing differences in migration
trends across the regions so that they do not interfere with the treatment effect.

1 If the migrants are sicker than the average “native” Medicaid-eligible population this would result in
disproportionate costs for their future Medicaid coverage and other social assistance. However, no evidence
for sicker individuals (i.e. self-reported disabled or older) being more likely to migrate can be found: neither
in general nor following the ACA Medicaid expansion. To the contrary, sicker individuals are significantly
less likely to migrate for Medicaid than healthy individuals. This is in line with Goodman’s (2017) results
and probably due to migrating being more costly and cumbersome, if not impossible, if you are sicker.
Furthermore, some disabled individuals were already covered by Medicaid previous to the ACA.
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Table 3 Pre- versus Post-ACA Migration: Logistic
(1) (2) 3) “ 5 (6) (7
logistic logistic logistic logistic logistic logistic logistic
Migration Migration Migration Migration Migration Migration Migration
Post 0.832 1.029 1.349 0.888 0.997 1.093 1.030
0.122)  (0.165)  (0.302)  (0.135)  (0.177)  (0.135)  (0.061)
Border 1357 1.190 1.789 0.610 1.861"  1.321 1.358
(0.208)  (0.440)  (0.777)  (0.257)  (0.532)  (0.363)  (0.302)
Medicaid - - 1.805™ 1.192 1.942™"  1.959™"  1.725™"
(0.425)  (0.199)  (0.350)  (0.259)  (0.204)
Treatment DD 1.484" 1163 1.149 3742 0918 1.038 1.226
(border * post) (0.283)  (0.559)  (0.608)  (1.846)  (0.320)  (0.347)  (0.309)
[1.021; [0.454;
2.156] 2.981]
Border * medi- - - 0.686 1.097 0.539 0.552" 0.610"™
caid (0.395)  (0.589)  (0.213)  (0.185)  (0.086)
Post * medicaid - - 0.766 1.009 0.822 0.809 0.860"""
0212)  (0.196)  (0.177)  (0.126)  (0.049)
Treatment - - 1.021 0.643 2.005 1.413 1.396
DDD (border * (0.732)  (0.404)  (0.940)  (0.576)  (0.295)
post * medicaid) [0.250; [0.188; [0.800; [0.636; [0.922;
4.164] 2.205] 5.025] 3.142] 2.112]
Age 0.987  0.956™"  0.951"" 0965  0.9677" 0972  0.966""
(0.003)  (0.006)  (0.005)  (0.004)  (0.004)  (0.003)  (0.003)
Male 0.903 0.975 1.102 1.033 1.041 1.048 1.053"™
(0.083)  (0.149)  (0.133)  (0.090)  (0.092)  (0.069)  (0.009)
White non-His- 0.932 1.038 1.263 2.380""  0.690""  0.767"  1.024
panic 0.187) (0.295)  (0.282)  (0.346)  (0.128)  (0.090)  (0.338)
Hispanic 0.720 1.640 1.809" 0.855 1.241 0.780 0.779"
(0.183)  (0.630)  (0.562)  (0.130)  (0.287)  (0.126)  (0.107)
Black 0.695 0.407" 0511  1.380 1.270 0.978 0.889
0.157)  (0.130)  (0.132)  (0.432)  (0.311)  (0.162)  (0.325)
Total family 1.000 1.000 1.000" 1.000 1.000 1.000 1.000
income (2014 $) (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)
Married 14757 1.807"  1.885""  1.328"  0.976 1.284™ 1302
0.197)  (0.518)  (0.357)  (0.157)  (0.129)  (0.123)  (0.124)
Family size 0.941" 0772 0763 0.813""  0.840™"  0.801™"  0.800"""
0.032)  (0.054)  (0.044)  (0.031)  (0.032)  (0.025)  (0.013)
Bachelor plus 1.891°"  1.875™ 2,002  1.975"" 2546 26127 2.512"
0317)  (0.375)  (0.315)  (0.228)  (0.296)  (0.231)  (0.118)
College plus 1.017 1726 1.915"  0.868 0.992 0.941 0.993
0.113)  (0.347)  (0.326)  (0.098)  (0.112)  (0.087)  (0.076)
High school 1.163 1.561 1.474 0.859 0.926 1.128 0.986
diploma plus (0.163)  (0.496)  (0.436)  (0.138)  (0.155)  (0.150)  (0.098)

coefficient is now only statistically significant at the 10% level for Iowa in the OLS
regression, while it is insignificant in all the other cases. The coefficient even turns
negative for Maryland (OLS) and New Mexico (OLS and logistic).

Column 7 of each table presents results for grouping the four considered states
(Maryland, New Mexico, lowa, and Illinois) together. These regressions include state
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Table 3 (Continued)
1 2 3 4) (%) (6) @)

logistic logistic logistic logistic logistic logistic logistic

Migration Migration Migration Migration Migration Migration Migration

N 26,352 10,306 17,755 31,918 35,355 95,190 180,218

Pseudo-R? 0.024 0.129 0.140 0.065 0.060 0.044 0.055

State Arkansas Maryland Maryland New Towa Illinois Maryland,

Mexico New

Mexico,
Towa,
Illinois

p-value parallel 0.62 0.51 0.87 0.45 0.74 0.76 -

trend test

The first two columns report the results from logistic difference-in-difference regressions of the form
Yist. = @ + Bipost, + Brborder, + § (border, -postt) + 0X;; + & estimated at the individ-
ual level. Columns 3 to 7 report the results from logistic triple difference regressions of the form
Yirss = @ + Bipost; + Brborder, + Bzmedicaid; + y; (borderr . post,) + (postt . medicaidi) +
y3 (border, - medicaid; ) + & (borderr - post; - medicaidi) + 0X;; + it also estimated at the individual
level. Column 7 additionally includes state FEs. The years 2014-2017 are considered post years, while
2012 and 2013 are not. Medicaid indicates Medicaid eligibility. The comparison group consists of indi-
viduals with an income between 200 and 400% FPL. For more details, see the main text. Robust standard
errors (additionally clustered at the state level in column 7) are in parentheses; 95% confidence interval
bounds are in brackets; * p<0.1, - p<0.05, e p<0.01

FEs to control for time-invariant state characteristics and cluster standard errors at
the state level. Pooling several states together can improve statistical precision by
increasing the number of observations available relative to the number of included
regressors. It also smooths out the migration rate fluctuations, further increasing the
estimations’ precision. The treatment effect coefficient is positive in the state group
regressions. However, it is still not statistically significant at the 10% level despite
the standard errors being smaller than in the single-state regressions.

The post coefficients are not statistically significant in all triple difference re-
gressions, indicating that overall migration has not increased in the post-ACA years
(2014-2017). The border coefficient is only statistically significant at the 10% level
and positive for lowa, indicating that migration to Iowa’s treated border regions has
always been higher than to its interior ones. No such effect is discernable for the
other states. The Medicaid dummy’s coefficients are always positive and, in most
cases, statistically significant at the 5% level. This result indicates that Medicaid-
eligible individuals are generally more likely to migrate ceteris paribus than slightly
higher-income individuals. This fact might be due to this group also including stu-
dents who have low incomes but migrate relatively frequently across states for and
after college. Furthermore, this effect is offset by the negative coefficients for the
interaction terms of Medicaid eligibility with respectively border and post. The co-
efficient of the interaction of border and post is not statistically significant in these
regressions, except for New Mexico (positive).

Overall, the obtained results do not allow for a straightforward interpretation.
Some states do not exhibit a Medicaid migration effect, while others have a statis-
tically significant effect or a tendency towards it. The following section discusses
more in detail possible reasons for these diverging results. However, even if a statisti-
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cally significant migration effect occurs, the absolute number of additional migrants
is so small in the aggregate that it seems manageable at the regional and state level.
Thus, Medicaid migrants do not appear to impose a meaningful fiscal externality on
these budgets. Excessively attracting low-income individuals due to the Medicaid
expansion is unlikely.

The obtained results mostly correspond to Goodman’s (2017) insignificant and
imprecise ones. The positive, but small in aggregate size, migration effect for
Arkansas aligns with Alm and Enami (2017) and the empirical welfare migration
literature (Gelbach 2004). However, its border migration effect is not as clear-cut as
in McKinnish (2005, 2007) and Alm and Enami (2017).

6 Discussion

Statistical power issues might be partly responsible for the mostly statistically in-
significant results, visible in the large standard errors. These issues might be due to
several reasons.

First, the number of migrant observations for a single state is relatively small in
the considered low-income sample. Arkansas has the most migrant observations in
treated border regions of any analyzed state. Still, it has only about 150 migrant
observations in treated border regions per year, although almost half of Arkansas’
regions are treated border ones (online resource table V). Note that this number is
not proportional to the total number of migrants in these regions due to the applied
weights in the ACS (duly considered in the regressions). Furthermore, this number
includes all interstate migrants, also those migrating for other reasons than Medi-
caid. At the extreme, Maryland has only 48 migrant observations in treated border
regions across the whole study period. This number still fulfills the rule of thumb
of a minimum of 10 cases for a regression analysis but is far from ideal, potentially
leading to Maryland’s statistically insignificant treatment effect and border dummy
coefficients.

Second, the relatively small number of migrants also leads to random fluctuations
in the annual migration rates, which are only incompletely smoothed by pooling the
years together. Thus, the migration rate is volatile in these regions as individual de-
cisions matter more for the observed migration rate in small samples. This volatility
increases the noise in the regressions. The very low R? and Pseudo-R? of the regres-
sions (at the most 0.04 and 0.14 respectively) illustrate the difficulties of explaining
migration decisions even with control variables included. Why one individual mi-
grates and another not remains to a high degree unpredictable as many unobservables
influence this decision. Again, this effect would be particularly strong for Maryland
with its few migrant observations.

Third, logistic regressions might be particularly prone to small sample bias as
they are based on the Maximum Likelihood approach. OLS regressions have their
own issues in the linear probability case, especially when the mean of the dependent
variable is close to O or 1, as in the present case with a migration probability below
6%. These shortcomings aggravate the discussed identification issues.

@ Springer



The Affordable Care Act Medicaid expansion and interstate migration in border regions of US... 67

Fourth, it is more difficult to identify a treatment effect in difference-in-difference
regressions if the considered groups are very different in size. The larger the differ-
ence in the respective group sizes, the stronger the treatment effect must be to be
detectable. For instance, Maryland has only one treated border PUMA, constituting
10% of all included observations. In contrast, the ratio is almost 50:50 for Arkansas,
hence much more well-balanced. The absolute number of observations in all sub-
groups is also higher in Arkansas. Thus, it is easier to identify a treatment effect
for Arkansas than for Maryland, given that one exists. The Maryland case appears
also underpowered according to the standard formula for the minimum detectable
effect. Furthermore, the border-versus-interior-regions approach underestimates the
migration effect by ignoring migration to interior regions, exacerbating this issue.

Statistical power issues are not the only explanation for statistically insignificant
results. It might also be that simply no migration effect exists in Maryland. Mary-
land’s estimated treatment effect coefficients are smaller than the Arkansas ones.
Furthermore, New Mexico and Illinois also exhibit insignificant treatment effect
coefficients while they are only once marginally significant for Iowa. An inexistent
Medicaid migration response would not necessarily imply that the concerned indi-
viduals do not value Medicaid. The involved migration costs might be too high and
the obtained benefits too uncertain for the considered low-income group (Finkel-
stein et al. 2019; Goodman 2017). Information deficits about the program and one’s
eligibility in another state, as well as hopes for future expansions in one’s state of
residence, might also play a role (Baker 2020; Goodman 2017).

Arkansas’ Medicaid migration effect might constitute a peculiarity, maybe due to
unobserved regional conditions, or be spurious. Differences across states in advertis-
ing the Medicaid expansion might lead to differing migration effects (Baker 2020).
Third factors, such as the presence of children, youth, Medicaid insurance status,
immigration, commuting, or the PUMA-level unemployment rate, cannot explain
the differing results across states. Their inclusion into the regression does not affect
the estimated migration effects (cf. robustness check subsection 7.2).

Having said that, Arkansas’s migration effect is strong and robust, rendering it
impossible to neglect it and rule out any migration effects altogether. Although
statistically insignificant, lowa and Illinois also exhibit positive migration effects of
comparable size or even larger. However, even for Arkansas with its strong migration
effect, the aggregate absolute number of additional migrants remains small and
appears manageable at the regional level.

7 Robustness checks

This section presents the results of several robustness checks. The first subsection
considers different border cutoffs than 40km, while the second discusses regres-
sion results for different subsamples. The third subsection examines pseudo-regres-
sions for intrastate migration, while the fourth considers regressions over the whole
2008-2017 period for selected states.
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7.1 Different border cutoffs

A border region in this study is a PUMA whose population-weighted centroid is
less than 40km away from the state border. This threshold is based on McKinnish’s
(2005, 2007) work on welfare migration. However, Alm and Enami (2017) do not
find any migration effect for the Massachusetts Medicaid reform after 25km. The
advantage of a more restrictive border definition is its increased likelihood of picking
up border migration, which typically declines with distance. Its disadvantage is the
reduced number of observations in treatment regions. Therefore, the main regressions
have been repeated with mutually exclusive 10km border intervals up to 40km. The
results can be found in the online resource tables VI and VII. Only Arkansas has
observations for all the four considered distance intervals.

In the difference-in-difference regressions, the treatment effects are always posi-
tive. However, they are only statistically significant at the 10% level for Arkansas’
[10, 20] and [20, 30] km intervals. The treatment effect sizes are similar throughout,
while the [30, 40] km one is smaller than the others. This pattern indicates a relatively
stable migration response up to 30km from the border, which then might decline.
Maryland has only one treated border PUMA, which is in the [30, 40] km range. Its
migration effect is hence not statistically significant as in the main regressions.

In the triple difference regressions, only the treatment effect for the [30, 40] km
interval is sometimes statistically significant at the 10% level for New Mexico, Iowa,
and Illinois. It is positive for the latter two, while negative for New Mexico. This
unexpected negative effect might be due to the low number of observations per inter-
val, resulting in PUMA-level migration peculiarities shining through. Maryland has
only one treated border PUMA, resulting in a not statistically significant migration
effect as in the main regressions.

These oddities disappear when increasing the number of observations per distance
interval by pooling all the four states together. Only the [10, 20] km interval’s
treatment effect is statistically significant at the 5% level and positive. Thus, the
Medicaid migration effect tends to be stronger closer to the border if it occurs. All
the remaining treatment effects are positive, albeit not statistically significant, with
varying sizes. The migration effect does not linearly decline with distance. However,
this might be due to the low number of migrant observations per distance category.'?

The present study sometimes finds migration effects beyond Alm and Enami’s
(2017) 25km cutoff, but at the latest, the effect seems to disappear after McKin-
nish’s (2005, 2007) 40 km threshold. The cutoff distance is distinctively smaller than
the 75, 150, and 250 km thresholds used in Goodman (2017). However, the gradually
declining border migration effect found for Massachusetts by Alm and Enami (2017)
could not be confirmed. This effect might