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ABSTRACT 

THREE ESSAYS IN HEALTH ECONOMICS 

Matthew C. Baker, Ph.D. 

George Mason University, 2020 

Dissertation Director: Dr. Thomas Stratmann 

 

This dissertation examines determinants of decisions by providers and consumers 

of health care, and how differences across local areas affect the characteristics of health 

care markets. 

The first chapter focuses on state regulation of imaging services through 

Certificate-of-Need (CON) programs that require prospective providers to demonstrate 

community need. Using panel data methods, I find that states with CON laws have fewer 

providers and higher patient travel costs. In addition, there is a notable shift in the market 

composition: CON laws are associated with fewer nonhospital providers and fewer new 

hospital providers but have negligible or even positive effects on incumbent hospitals. 

Thus, CON laws tend to centralize imaging services in incumbent hospitals and reduce 

the number of independent providers. 

The second chapter extends the analysis of state policy impacts to insurance 

coverage by studying health consumers’ response to Medicaid expansion, which was 
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implemented in some states following the Patient Protection and Affordable Care Act of 

2010 (ACA). Using microdata, I provide evidence that Medicaid’s rapid expansion led to 

in-migration to states highly increasing Medicaid benefits, especially amongst individuals 

previously living close to the state’s border. The migration effect was not immediate, as it 

appeared to continue increasing several years after ACA implementation. 

The third chapter analyzes determinants of a health care provider’s decision enter 

a market as well as the decision to invest in quality improvement, and how those 

decisions affect the allocation of patients among hospitals. Using national hospital-level 

patient mortality measures for patients with common medical conditions, I find that 

patient mortality at entrant hospitals tends to be lower than mortality at nearby incumbent 

hospital. I present evidence that hospital investment in quality improvement by 

incumbent hospitals increases for some conditions at the time of nearby hospital entry. 

Thus, the emergence of new hospitals tends to reallocate patients to higher quality 

hospitals and thereby reduces average mortality. 
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CHAPTER 1 CERTIFICATE-OF-NEED LAWS AS A MEANS TO RAISE 

RIVALS’ COSTS: EVIDENCE FROM IMAGING SERVICES 

1.1. Introduction 

Conventional economic wisdom holds that barriers to entry have negative and 

unintended consequences on consumer choice. The healthcare industry, however—more 

than other sectors of the economy—is a prominent example of a field in which many 

public officials and medical providers challenge and act against conventional economic 

wisdom, often accepting and promoting such restrictions. Arrow (1963) famously 

highlighted some of those idiosyncrasies, writing that “[t]he most striking departure from 

competitive behavior is restriction on entry to the [healthcare] field.” Arrow pointed to 

laws enshrining limits to the provision of medical inputs, medical school restrictions, and 

licensing requirements, which have a “direct and unsubtle restriction on the supply of 

medical care” (Arrow, 1963). 

The conventional argument for restrictive healthcare laws is that they benefit the 

patient. For example, proponents of supply restrictions in the healthcare industry argue 

that consumer choice is best served when an already-licensed provider must obtain 

government permission to operate before offering new medical services. One prominent 

example of such supply restrictions is a certificate of need (CON), a legal document 

required in many US states before a licensed medical provider may build, expand, or 

purchase a new facility or service or purchase certain types of medical equipment, such 
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as imaging scanners. By requiring that providers demonstrate community need, 

proponents argue that certificate of need laws will reduce entry that duplicates existing 

services and thus wastes healthcare resources through overinvestment or supplier-induced 

demand, the alleged phenomenon where providers will “create their own demand”, such 

as Roemer’s law stating that hospitals ensure that their beds are filled (Shain & Roemer, 

1959). 

As of 2016, 37 states have at least one type of certificate-of-need requirement for 

the opening of hospitals, burn care centers, neonatal intensive care units, or another of the 

30 categories of CON laws (American Health Planning Association (AHPA) 2013). 

Twenty-five of these states restrict imaging services. While CON laws subject 

prospective providers of new or expanded services to regulatory review to demonstrate 

need, they do not require that existing providers retroactively justify services and 

equipment already implemented.  

New York first introduced CON laws to the United States in 1964 to contain 

healthcare costs, and CON laws eventually became a federal mandate.1 Proponents 

justified CON laws on the premise that unregulated market competition drives medical 

providers to overinvest in facilities and equipment, resulting in increased cost of medical 

care. These arguments are similar to the model by Mankiw and Whinston (1986) 

regarding social inefficiency of excess entry, which argues that for some industries, 

negative externalities associated with excess entry can result in substantial harm to 

suppliers.  

 
1 Simpson (1985) provides a brief and comprehensive history of CON legislation. 
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Early studies of CON laws failed to show that they delivered their promised 

results. In general, these studies found that hospitals often strategically used non-targeted 

investment to circumvent CON restrictions (Hellinger, 1976; Salkever & Bice, 1976), and 

overall found no evidence of cost control (Joskow, 1980; Joskow, 1981; Sloan & 

Steinwald, 1980; Sloan, 1981). Since New York’s adoption of CON requirements, a wide 

range of studies have examined the effect of CON laws on hospital cost, price, and 

efficiency. Some researchers provide evidence that CON laws are associated with higher 

hospital costs (Lanning, Morrisey, & Ohsfeldt, 1991). Other research, however, implies 

that CON laws do not affect efficiency in a typical metropolitan hospital (Bates, 

Mukherjee, & Santerre, 2006). 

Largely because of the limited evidence that CON requirements curtailed 

healthcare costs, the federal government repealed CON mandates in 1987, leaving 

decisions for whether to continue certificate-of-need programs to individual states. Since 

then, several states have repealed all or some of their CON laws. The findings in more 

recent research are mixed, but generally continue to highlight CON laws’ failures to meet 

its expectations.2 More recently, supporters of CON laws has focused on the rationale of 

 
2 A study (Rivers, Fottler, & Frimpong, 2010) finds no evidence that CON laws are associated with reduced 

hospital costs, but it does find evidence that stringent CON programs increase costs by 5 percent. Another 

study finds that hospital efficiency at the state level was not improved by CON laws (Ferrier, Leleu, & 

Valdmanis, 2010). Most recently, (Rosko & Mutter, 2014), using stochastic frontier analysis, find that 

states with CON laws show increased cost efficiency. Although little research has been devoted specifically 

to CON regulations for advanced imaging services, some research shows that CON laws are not associated 

with lower hospital investment in new computed tomography (CT) technology (Ladapo, Horwitz, 

Weinstein, Gazelle, & Cutler, 2009). 

Other studies focus on the effect of CON laws on market structure and competition, with conflicting studies 

presenting evidence that CON laws may decrease competition among medical service providers (Eichmann 

& Santerre, 2011) or increase competition in ED services (Ni, Paul, & Bagchi, 2017). Other scholars 

provide evidence that the number of providers and the use of certain services are affected by CON laws 

(Ho, 2006; Short, Aloia, & Ho, 2008). 
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ensuring consumer access to healthcare in rural communities, higher quality of care, and 

the provision of charity care.3, 4, 5 Charity care, proponents of CON laws argue, is cross-

subsidized by the increased profits from certificate-of-need restrictions. 

Although much of the focus of CON proponents’ claims centered on the costs of 

excess competition, researchers have since uncovered examples to the contrary, finding 

increased costs associated with lacking competition. In particular, limited competition in 

the hospital industry has been shown to results in increased health care prices charged to 

insurers (Melnick, Zwanziger, Bamezai, & Pattison, 1992). Further, evidence shows that 

hospital competition for market share improves quality of services by lowering heart 

attack mortality rates (Kessler & McClellan, 1999), and that hospital quality is higher in 

competitive hospital services areas (Robinson & Luft, 1985; Abraham, Gaynor, & Vogt, 

2007). 

This study focuses on imaging equipment for two reasons: they are widely used 

so that the scope of their impact is large, and provision is not limited to one provider 

type, allowing a comparison of impacts across competing providers. We use economic 

theory, using asymmetries in requirements for new providers compared to existing 

providers, to test predictions regarding the effects of barriers to entry, as well as whether 

CON laws have anticompetitive effects. We estimate asymmetries in who benefits and 

 
3 Rawlings, R. Brent. 2016. The Importance of COPN: Serving the Public Need, Supporting Virginia’s 

Health Care System. Virginia Hospital and Healthcare Association. 

http://www.vhha.com/communications/wp-content/uploads/sites/16/2016/02/VHHA-January-February-

FOCUS-Publication.pdf. 
4 Cauchi, Richard, and Ashley Noble. 2016. CON—Certificate of Need Laws. 

https://www.ncsl.org/research/health/con-certificate-of-need-state-laws.aspx#Program. 
5 American Health Planning Association (AHPA). "Improving Health Care: A Dose of Competition. AHPA 

Response." Fact sheet. http://www.ahpanet.org/AHPAargfavorCON.pdf. 

http://www.vhha.com/communications/wp-content/uploads/sites/16/2016/02/VHHA-January-February-FOCUS-Publication.pdf
http://www.vhha.com/communications/wp-content/uploads/sites/16/2016/02/VHHA-January-February-FOCUS-Publication.pdf
https://www.ncsl.org/research/health/con-certificate-of-need-state-laws.aspx#Program
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who loses from CON laws. Using a cross-section of utilization data, we identify 

differences in how CON laws affect marketplace entry of three regulated imaging 

services: MRI, computed tomography (CT), and positron emission tomography (PET) 

scans. We compare CON and non-CON states on the use of and access to imaging services 

and separate the effects according to different provider types. Our primary outcome of 

interest is the quantity of services provided, the number of suppliers of services, 

differences among supplier types, and consumer access to services.  

 

1.2. HYPOTHESIS 

For our hypotheses, we consider CON laws, which require state government 

permission to purchase imaging scanners, such as MRI, CT, and PET scanners. Our 

predictions are grounded in the theoretical models of regulation, originated by Stigler 

(1971) and Peltzman (1976). Those models generate the hypotheses that economic 

regulations tend to benefit incumbent providers and are barriers to entry into the 

marketplace. Thus, those models make predictions regarding the economic effects of CON 

laws and predict that those effects differ across provider types, including new hospitals, 

incumbent hospitals, and nonhospitals. 

The goal of CON laws is to limit entry of new providers by requiring a provider to 

demonstrate community “need” before opening, expanding, or providing a new service. To 

obtain a CON, a provider must file a lengthy application. Consulting groups involved in 

aiding CON applications documented that total costs associated with the process to obtain 

regulatory permission to provide the medical service requested can exceed $5 million for 
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a single application (Conley & Valone, 2011), which exceeds the average price of a 

magnetic resonance imaging (MRI) machine itself.6 The application costs include 

consulting fees as well as review and appeal fees, and the application process can take up 

to three years. Further applications can result in litigation, which may span several years.7 

Thus, CON laws intentionally increase the cost of entry into a market if they allow entry 

at all. 

 

Hypothesis 1: Because of provider restrictions, patients in CON states have fewer 

options for care. 

CON laws may bar potential market entrants from providing services by either having 

their application rejected, or because the cost of entry is larger than the provider’s 

expected benefit of entry. Instances of barred entry will affect the patient experience with 

respect to the number of providers from which patients can choose. If CON laws limit 

entry, then individuals have less choice in where they can obtain imaging services. Fewer 

providers imply fewer choices for consumers.  

 

Hypothesis 2: Patients in CON states are more likely to seek care outside their 

county of residence. 

The availability of medical services predicts patient satisfaction and access to care 

(Penchansky & Thomas, 1981). Among other factors, patients select a provider based on 

 
6 According to price guides for medical imaging equipment, prices for MRI machines can be as low as 

$150,000: 

https://info.blockimaging.com/bid/92623/mri-machine-cost-and-price-guide. 
7 See, for example, Colon Health Centers of Am., LLC v. Hazel, 813 F.3d 145 (4th Cir. 2016). 
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the travel distance required, which is a cost of receiving care. Medicare’s regulatory price 

setting further narrows the factors affecting patient choice by reducing price differences 

between providers. Without the ability to increase prices, providers may face excess 

demand when the offering of imaging services is limited. The market for care can 

respond to excess demand in several ways when providers are unable to increase prices. 

One such outcome is by increasing waiting times. In that case, patients have an incentive 

to search for providers that offer shorter waiting times, and those providers might be 

located outside the patient’s community. Thus, patients in CON states face fewer choices 

and have an incentive to travel farther to find a provider of imaging services. As a result, 

we predict that patients in CON states are more likely to travel outside their county of 

residence to obtain care. 

 

Hypothesis 3: Relative to imaging services provided by incumbent hospitals, CON 

laws restrict imaging services supplied by new hospital providers and by 

nonhospital providers. 

The initial justification for CON laws was that new market entrants pose a competitive 

threat to preexisting hospitals and that goal of CON laws was to ensure competition. The 

reasoning was that less competition reduces the quantity of medical services provided, as 

well as their prices. To facilitate these objectives, CON laws give incumbent competitors 

the opportunity to object to an approval of a CON application. 

Hospitals have access to more financial resources as compared to independent 

providers. Further, hospitals are members of well-organized state and national hospital 
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associations that provide expertise and lobbying services. Hospitals, with more effective 

political organizations, also face fewer barriers in obtaining CONs from state agencies.8 

Further, incumbent hospital providers have the option to oppose the approval of providers 

who want to open or expand. We predict that these mechanisms lead to less provision of 

medical services by nonhospital providers. That is, states with a CON law for imaging 

services will have less entry by nonhospital providers relative to states without such a law.  

This hypothesis implies that CON laws, supported by incumbent providers, 

largely affect the costs of only rivals and potential rivals. We define incumbent hospitals 

as those hospitals that opened before CON laws were implemented. The cause of the 

hypothesized differences in Hypothesis 3 may be due to several different mechanisms. 

First, if CON regulators tend to reject nonhospital providers at higher rates than hospitals, 

then hospitals will purchase imaging equipment at a higher rate than nonhospitals. This 

leads to a larger market share for hospitals in CON states. Second, nonhospital applicants 

may preempt the rejection by regulators by forgoing an application in the first place, 

choosing to work in another state instead, or even choosing another specialty with fewer or 

no CON restrictions. Third, nonhospital providers may find an alternative way into the 

market, such as by cooperating with hospitals. Hospital-physician integration establishes a 

financial agreement between the two provider types to split compensation for services. For 

example, if a physician practicing in radiology worked for a hospital’s outpatient 

department instead of for an independent practice, this physician might be more likely to 

 
8 Research also suggests that hospitals have sufficient economies of scale and recourses to absorb 

application and legal fees associated with CON laws, whereas their potential challengers may notInvalid 

source specified.. 
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gain CON approval. Not only would this third mechanism imply consolidation of services 

into fewer providers, consistent with hypothesis 1, it is also consistent with the observation 

that applications of incumbent hospitals have a higher likelihood of approval.  

Anecdotal evidence supports Hypothesis 3. According to a survey by the National 

Institute for Health Care Reform, physicians report greater difficulties than do hospitals in 

entering new markets, and they cite CON laws as the primary barrier to entry.9 Legal 

battles in several state legislatures including South Carolina, Tennessee, and Georgia have 

resulted in hospital associations devoting resources to oppose challenges to CON laws, that 

were brought forth by other types of providers.10, 11, 12  

The asymmetries hypothesized here stem from several institutional features of CON 

laws. First, the requirement to demonstrate community need selectively affects hospitals 

not currently providing the service. Second, hospitals associations are often represented on 

CON board and this feature may increase the size of the barrier for potential rivals. To the 

extent that those legal battles successfully prevent CON approval, new hospitals may be 

disadvantaged by the CON approval process and see a larger negative CON impact on the 

 
9 Yee, Tracy, Lucy B. Stark, Amelia M. Bond, and Emily Carrier. 2011. "Health Care Certificate-of-Need 

(CON) Laws: Policy or Politics? NIHCR Research Brief No. 4." National Institute for Health Care Reform 

(NIHCR), Auburn Hills, MI. Accessed August 29, 2020. https://www.nihcr.org/wp-

content/uploads/2015/03/NIHCR_Research_Brief_No._4.pdf. 
10 Salzer, James. 2015. "Lawmakers Not Happy about Cancer Center Rule Change." Atlanta Journal-

Constitution. https://www.ajc.com/news/state--regional-govt--politics/lawmakers-not-happy-about-cancer-

center-rule-change/C6aJwFjks0UkcnDamz9zfN/. 
11Borden, Jeremy. 2015. "S.C. House Votes to End CON Health Care Regulations." Post and Courier 

(Charleston, S.C.),. http://www.postandcourier.com/politics/s-c-house-votes-to-end-con-health-care-

regulations/article_29e80332-461e-554d-9c43-20fb43bd3. 
12 Fletcher, Holly. 2015. "Senate Hearing Points to Brewing Certificate of Need Battle." Tennessean. 

https://www.tennessean.com/story/money/industries/health-care/2015/11/16/senate-hearing-points-

brewing-certificate-need-battle/75865448/. 

 

https://www.ajc.com/news/state--regional-govt--politics/lawmakers-not-happy-about-cancer-center-rule-change/C6aJwFjks0UkcnDamz9zfN/
https://www.ajc.com/news/state--regional-govt--politics/lawmakers-not-happy-about-cancer-center-rule-change/C6aJwFjks0UkcnDamz9zfN/
http://www.postandcourier.com/politics/s-c-house-votes-to-end-con-health-care-regulations/article_29e80332-461e-554d-9c43-20fb43bd3
http://www.postandcourier.com/politics/s-c-house-votes-to-end-con-health-care-regulations/article_29e80332-461e-554d-9c43-20fb43bd3
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number of providers and therefore the number of scans provided compared to preexisting 

hospitals. 

 

 

1.3. DATA AND EMPIRICAL MODELS 

1.3.1. CON Laws for Imaging Services and Main Data Sources 

The American Health Planning Association (AHPA) classifies each of the 50 states and 

the District of Columbia as either having a CON law or having no CON law for the 

provision of medical services and the purchase of equipment for specific medical 

services.13 We use the AHPA data for 2013 for classifying states by CON laws for 

imaging technologies (American Health Planning Association (AHPA), 2013). Separate 

CON laws govern MRI scanners, CT scanners, and PET scanners. We analyze the effect 

of each of those three laws. 

 
13 http://www.ahpanet.org/matrix_copn.html  

http://www.ahpanet.org/matrix_copn.html
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Figure 1. Certificate-of-Need (CON) Law for MRI, CT, and PET Services, by State 
Note: MRI = magnetic resonance imaging; CT = computed tomography; PET = positron emission 

tomography. 
Source: American Health Planning Association, 2013. 

 

 

Figure 1 shows maps of all US states, indicating the states where each of the three 

imaging CON laws applies. There is a large overlap among the three imaging CON laws 

by state. States with a CON law for one type of imaging service tend to have CON laws 

for other types. The maps also highlight the regional clustering of the CON laws. Along 

with Alaska and Hawaii, states in the eastern and southeastern half of the United States 

tend to have imaging CON laws. 

We link the CON law data to claims data from Medicare’s five percent Standard 

Analytic Files (SAF) for fee-for-service (FFS) beneficiaries from calendar year 2013. The 

claims data, which we obtained from the Centers for Medicare and Medicaid Services 



12 

 

(CMS), provide a snapshot of current differences across states and counties. Since there 

has been very little recent change in CON requirements for MRI, CT, and PET scanners 

by state, there is little variation across time that would allow the identification of a CON 

treatment effect by using panel data methods. The SAF claims data include the Carrier 

limited data set (LDS) file for physician Medicare Part B claims, as well as the Inpatient 

LDS and the Outpatient LDS files for facility claims data. Those files contain information 

on the patient’s state and county of residence, as well as the state and county of service of 

the provider. 

We identify claims that include the use of diagnostics and treatment through MRI, 

CT, and PET scanners. Healthcare Common Procedure Coding System (HCPCS) codes 

from the LDS files provide us with the information to identify those claims. We 

aggregate the counts for each type of scanner are aggregated at the state level. 

We also use the Medicare data to compute the number of providers of each 

imaging service—MRI, CT, and PET scan. That number is a count of the number of 

unique providers that filed a claim for each type of imaging service. The data further 

allow us to distinguish between hospital and nonhospital providers, as well as the county 

in which the provider’s medical office is located. We use geographic information from 

Medicare’s Provider of Services file to determine the county and state of each hospital. 

Information for nonhospital location is derived from the National Provider Identifier 

(NPI) data in the CMS Medicare Provider Utilization and Payment Data for Physician 

and Other Suppliers. We measure out-of-county travel for medical services as obtaining 

care in a county other than one’s county of residence. We choose this measure because 
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crossing a county boundary has long been viewed as a measure of excess travel, which 

often a more meaningful measure than travel distance (Kleinman & Makuc, 1983; Basu 

& Friedman, 2001). 

From the same Medicare database, we obtain a count of the number of Medicare 

beneficiaries by state. That count is the number of beneficiaries by state from the 

Medicare Geographic Variation file (Centers for Medicare & Medicaid Services 

(CMS), 2013). We then divide the number of scans in the state by the number of FFS 

beneficiaries. Thus, our dependent variable measures the use of imaging services per 

beneficiary. For each state, we multiply the counts by 20 to represent 100 percent of 

beneficiaries instead of five percent. Then we divide each of our statistics by the total 

number of beneficiaries in the state to arrive at per-beneficiary measures. Hospital market 

share is defined as the number of procedures provided by a hospital in a given state, 

divided by the number of procedures performed by all types of providers in a state, both 

hospitals and nonhospitals, for a specific imaging service. 

We classify procedures as MRI, CT, and PET procedures using HCPCS codes 

from hospital revenue centers in the claims data, using the definitions in chapter 13 of 

Medicare’s Claims Processing Manual (Centers for Medicare and Medicaid Service 

(CMS), 2015).  

Our data source includes hospital claims and nonhospital claims. Hospital claims 

include all inpatient, outpatient, and emergency department claims, summed from the 

Inpatient SAF and the Outpatient SAF, using the hospital revenue center that corresponds 

to each imaging service. Nonhospital claims are from a subset of the Carrier SAF, using 
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only those services that were delivered outside the hospital inpatient, outpatient, or 

emergency departments, using the HCPCS codes that correspond to each imaging 

service. To ensure accuracy and consistency of our data across states, we exclude (a) 

claims that were not paid by FFS, (b) rejected claims, (c) claims for which Medicare was 

not the primary payer, and (d) claims containing services provided outside the United 

States. 

We determine whether the patient travels out of county by comparing the patient’s 

place of residence and the provider’s place of service, as documented in the Inpatient, 

Outpatient, and Carrier SAF files, and provider location data from CMS. 

To control for patient characteristics in measuring access to care, we include in 

the regression patient-level socioeconomic characteristics:, measured by age dummies 

(age 70 to 74, age 75 to 79, age 80 to 84, and age 85+), male sex, race (non-Hispanic 

white, Black, Asian, Native American, or Hispanic). These latter data are included in the 

data file we obtained from CMS. We also control for the logged median county 

household income, obtained from the Census Bureau, and for whether the county is rural, 

obtained from the US Census current delineations, released July 2015.  

 

1.3.2. ESTIMATING THE EFFECT OF CON LAWS ON THE NUMBER OF 

PROVIDERS AND QUANTITY OF SERVICES SUPPLIED BY 

PROVIDER TYPE 

To test the hypothesis that that CON laws reduce the number of imaging services 

provided within a state by nonhospitals and new hospitals, we estimate the model 
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(𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑓 𝑖𝑚𝑎𝑔𝑖𝑛𝑔 𝑠𝑐𝑎𝑛𝑠 𝑝𝑒𝑟 1,000 𝑏𝑒𝑛𝑒𝑓𝑖𝑐𝑖𝑎𝑟𝑖𝑒𝑠)𝑖𝑗

= 𝛽0 + 𝛽1(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖

+ 𝛽2(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖 × (𝑁𝑒𝑤 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗

+ 𝛽3(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖 × (𝑁𝑜𝑛ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗 + 𝛽4(𝑁𝑒𝑤 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗

+ 𝛽5(𝑁𝑜𝑛ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗 +  𝜀𝑖𝑗  

(1) 

where the dependent variable is the natural log of the number of claims by provider type j 

for each type of scan and divided by the number of beneficiaries (in thousands) eligible 

for Medicare FFS in state i.14 Our provider type variables include nonhospital and new 

hospitals with incumbent hospitals being the baseline. Similarly, we estimate 

(𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑓 𝑖𝑚𝑎𝑔𝑖𝑛𝑔 𝑝𝑟𝑜𝑣𝑖𝑑𝑒𝑟𝑠 𝑝𝑒𝑟 1,000 𝑏𝑒𝑛𝑒𝑓𝑖𝑐𝑖𝑎𝑟𝑖𝑒𝑠)𝑖𝑗

= 𝛽0 + 𝛽1(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖

+ 𝛽2(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖 × (𝑁𝑒𝑤 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗

+ 𝛽3(𝐶𝑂𝑁 𝑙𝑎𝑤)𝑖 × (𝑁𝑜𝑛ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗 + 𝛽4(𝑁𝑒𝑤 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗

+ 𝛽5(𝑁𝑜𝑛ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑗 + 𝜀𝑖𝑗 

(2) 

where the dependent variable is the number of providers per 1,000 beneficiaries in state i 

by provider type j.15 As in equation (1), our provider type variables include nonhospital 

and new hospitals with incumbent hospitals being the baseline. We estimate three 

specifications of each equation, one for each imaging service, that is, MRI, CT, and PET 

services. 

 
14 The measurement of the dependent variable in the form of log(x + c) allows us to include in the category 

states with zero claims. In our data, for PET services, 3 of 51 states have no nonhospital claims. The 

numbers for all MRI and CT claims within a state are greater than zero. 
15 The number of beneficiaries is a count of the number of Medicare beneficiaries by state from the 2013 

Medicare LDS files. 
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In both equations, the Nonhospital is a dummy variable that indicates observations 

corresponding to nonhospital providers, while the New hospital variable is a dummy 

variable that indicates observations corresponding to hospitals that began providing 

Medicare services after January 1993. Thus, an incumbent hospital is a hospital that was in 

existence prior to 1993.The CON law variable is an indicator variable for the CON law 

policy in state 𝑖 for the respective imaging service. For example, when the dependent 

variable is MRI scan within a state, the explanatory variable captures whether that state has 

a CON law for MRI machines. The interaction between the CON law variable and the 

provider indicator variables takes a value of one if the observation pertains to the delivery 

of imaging services by the provider type in a CON state and a value of zero otherwise. We 

are primarily interested in the interaction terms. The coefficient β2 captures whether the 

differential between CON and non-CON is larger for new hospitals relative to the 

reference group, preexisting hospitals, and will take a negative value if new hospitals in 

CON states provide fewer scans relative to preexisting hospitals. Similarly, β3 compares 

CON and non-CON state differentials between new and preexisting hospitals. Coefficient 

β1 measures whether the imaging CON law analyzed in the regression is negatively 

correlated with the overall quantity of scans provided within the state. We estimate those 

regressions with clustered standard errors at the state level, which accounts for the effects 

of any heteroskedasticity and lack of independence of observations within a state (Liang 

& Zeger, 1986). Equations (1) and (2) can be considered to be equivalent to a regression 

predicting market share. 
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The definition New Hospital used in equations (1) and (2), uses the cut off at 20 

years before our 2013 data. We chose this span of years because up to 1993 many states 

had repealed their CON laws following the rollback of the federal CON requirements. 

From 1993 to 2013, states made little or no significant changes to their CON laws. For 

example, 26 states had repealed CON laws for MRI by 1993, compared to 32 by 2013; 35 

states had repealed CON laws for CT by 1993, compared to 38 by 2013; and 36 states 

had repealed CON laws for PET by 1993, compared to 31 by 2013. Thus, hospitals that 

opened 1993 or later represent those hospitals most impacted by the current CON laws.  

 

1.3.3. ESTIMATING THE EFFECT OF CON LAWS ON PATIENT COST AND 

ACCESS 

To test whether CON laws increase the percentage of patients who travel to obtain 

medical services, we estimate the probability that a patient seeks medical services outside 

his or her county of residence with ordinary least squares. 

 𝜋𝑖𝑠 = Pr(𝑌𝑖𝑠 = 1) = 𝛽0 + 𝛽1𝐶𝑂𝑁𝑠 + 𝑿𝑖𝑠𝜹 + 𝜀𝑖𝑠. (3) 

The unit of observation in this regression a claim by patient i in state s. We 

estimate three models, one for each of our three imaging types and CON laws. Y is 

defined as traveling outside one’s location of residence for patient i, where Y = 1 

represents receiving care from a provider in a county other than where the patient resides, 

and Y = 0 represents receiving care from a provider within the patient’s county of 

residence. We cluster standard errors at the state-county level to account for the fact 

observations within a state-county might not be independent. The variable for CON 
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equals one if the patient resides in a CON state for a specific imaging service and zero 

otherwise.  

The X vector in model (3) includes a set of dummy control variables measuring 

residents’ propensity to travel to obtain medical care, including patient age category, sex, 

and race and whether the patient lives in a metropolitan county, a micropolitan county, or 

a rural county, as defined by the Census Bureau. The controls also include county 

population density, measured as residents per square land mile. County population 

density controls for characteristics, such as road patterns and traffic, that might influence 

the propensity to travel from one’s residence.  

 

1.4. RESULTS 

In this section of the paper, Table 1 reports descriptive statistics from our claims 

data by state, disaggregated by CON status. Tables 2 and 3 address patient access to care, 

with the former providing summary statistics from our claim-level data; and Table 3 

specifies a model for patient travel. Table 4 presents fixed-effect regression results to 

compare the effect of CON on the quantity of services across provider types. Tables 5 

and 6 summarize our results across provider types and number of scans. 

 

1.4.1. Descriptive Statistics 

 

 

Table 1. Summary Statistics 

Panel A. MRI Scans 

 No CON laws CON laws 
Test for differences  

(p-value) 
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Number of states 32 19  

Number of hospitals 2,539 1,023  

Number of providers of MRIs per 100,000 beneficiaries   

Hospitals   14.66 (4.66)   13.01 (3.28)  0.18 

New hospitals (start year 1993 to 

present)  4.65 (2.80)   2.18 (2.08)  
0.00 

Preexisting hospitals (start year 

before 1993)  10.02 (3.12)   10.82 (3.10)  
0.38 

Nonhospital providers  65.07 (23.38)   50.41 (28.56)  0.05 

All MRI providers 79.73 (25.20) 63.42 (28.54) 0.04 

Number of MRI scans per provider    

Hospitals  
 835.54 (395.49)  

 990.58 

(325.22)  
0.16 

New hospitals (start year 1993 to 

present)  271.87 (180.30)   229.37 (221.04)  
0.48 

Preexisting hospitals (start year 

before 1993)  1,078.66 (498.70)   1,147.71 (314.45)  
0.59 

Nonhospital providers  149.62 (52.51)   161.99 (52.55)  0.42 

Number of MRI scans per 1,000 beneficiaries   

Hospital  110.50 (28.05)   123.89 (43.74)  0.19 

Hospital (log)  4.68 (0.27)   4.78 (0.30)  0.23 

New hospital  11.04 (8.05)   2.84 (3.01)  0.00 

New hospital (log)  2.23 (0.80)   1.10 (0.73)  0.00 

Preexisting hospital   99.46 (27.41)   121.05 (44.14)  0.04 

Preexisting hospital (log)  4.57 (0.28)   4.75 (0.31)  0.04 

Nonhospital  95.58 (41.97)   76.78 (38.74)  0.12 

Nonhospital (log)  4.48 (0.43)   4.17 (0.75)  0.07 

Total MRI scans per 100,000 

beneficiaries 206.1 (45.4) 200.7 (54.4) 
0.70 

Market share    

Hospital  0.55 (0.13)   0.63 (0.15)  0.05 

New hospital  0.06 (0.04)   0.02(0.02)  0.00 

Preexisting hospital  0.49 (0.12)   0.61 (0.15)  0.00 

Nonhospital  0.45 (0.13)   0.37 (0.15)  0.05 

Care obtained outside patient’s state/county of residence   

Percent traveling out of state 0.145 0.177 0.17 

Percent traveling out of county 0.439 0.474 0.28 
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State characteristics    

Number of states—West  11 2  

Number of states—South  7 7  

Number of states—Midwest  10 2  

Number of states—Northeast  4 8  

Medicare fee-for-service beneficiaries  593,809 (574,057)   469,928 (406,387)   

Average age  75.41 (0.67)   75.42 (0.69)  0.94 

Percentage male  44.29 (1.80)   43.34 (1.90)  0.08 

Percentage non-Hispanic white  86.46 (8.67)   81.84 (19.14)  0.24 

Percentage Black  5.43 (5.85)   9.46 (13.56)  0.15 

Percentage Hispanic  4.24 (5.57)   2.01(1.89)  0.10 

Average HCC score  0.92 (0.07)   0.95 (0.08)  0.15 

Unemployment  6.55 (1.61)   7.14 (1.39)  0.19 

Household income  53,169 (7,170)   54,527 (10,382)  0.58 

Proportion rural growth 1993–2013  0.00 (0.06)   -0.02 (0.08)  0.58 

Household income growth 1993–

2013  0.06 (0.09)   0.08 (0.12)  
0.52 

Health expenditures growth 1993–

2009  1.87 (0.38)   1.77 (0.38)  
0.34 

Notes: Includes 50 states and the District of Columbia. Values in parentheses are standard deviations.  

CON = certificate of need; HCC = Hierarchical Condition Category. 
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Panel B. CT Scans 

 No CON laws CON laws 
Test for differences  

(p-value) 

Number of states 38 13  

Number of hospitals 3,853 808  

Number of providers of CTs per 100,000 beneficiaries   

Hospitals   20.79 (8.20)   15.81 (4.81)  0.04 

New hospitals (start year 1993 to 

present)  9.88 (7.07)   4.48 (3.78)  
0.01 

Preexisting hospitals (start year 

before 1993)  10.90 (3.56)   11.33 (3.56)  
0.71 

Nonhospital providers  58.37 (23.47)   46.20 (24.37)  0.12 

All CT providers 79.15 (25.98) 62.01 (23.90) 0.04 

Number of CT scans per provider    

Hospitals   2,442.06 (1,593.56)   2,978.77 (1,199.27)  0.27 

New hospitals (start year 1993 to 

present)  545.56 (655.39)   272.00 (253.36)  
0.17 

Preexisting hospitals (start year 

before 1993)  3,766.92 (1,692.30)   3,883.83 (1,149.71)  
0.82 

Nonhospital providers  125.95 (44.26)   109.61 (43.67)  0.25 

Number of CT scans per 1,000 beneficiaries   

Hospital  409.09 (91.81)   432.47 (140.90)  0.50 

Hospital (log)  5.99 (0.23)   6.02 (0.35)  0.73 

New hospital  33.09 (25.28)   8.65 (7.37)  0.00 

New hospital (log)  3.26 (0.81)   1.85 (1.10)  0.00 

Preexisting hospital   376.00 (97.49)   423.82 (142.17)  0.18 

Preexisting hospital (log)  5.90 (0.27)   6.00 (0.35)  0.29 

Nonhospital  73.54 (40.83)   55.70 (37.63)  0.17 

Nonhospital (log)  4.17 (0.53)   3.66 (1.22)  0.04 

Total CT scans per 100,000 

beneficiaries 482.6 (101.5) 488.2 (142.0) 
0.88 

Market share    

Hospital  0.85 (0.07)   0.88 (0.10)  0.20 

New hospital  0.07 (0.05)   0.02 (0.02)  0.00 

Preexisting hospital  0.78 (0.10)   0.86 (0.09)  0.01 

Nonhospital  0.15 (0.07)   0.12 (0.10)  0.20 

Care obtained outside patient’s state/county of residence   
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 Percent traveling out of state 0.101 0.133 0.09 

 Percent traveling out of county 0.369 0.367 0.94 

State characteristics    

Number of states—West  11 2  

Number of states—South  11 3  

Number of states—Midwest  10 2  

Number of states—Northeast  6 6  

Medicare fee-for-service beneficiaries  574,002 (531,927)   470,651 (482,959)   

Average age  75.37 (0.63)   75.54 (0.78)  0.43 

Percentage male  44.11 (1.72)   43.41 (2.26)  0.25 

Percentage non-Hispanic white  86.70 (8.44)   79.01 (22.30)  0.08 

Percentage Black  6.01 (6.32)   9.61 (15.72)  0.25 

Percentage Hispanic  3.73 (5.25)   2.46 (2.04)  0.40 

Average HCC score  0.93 (0.07)   0.95 (0.09)  0.25 

Unemployment  6.67 (1.57)   7.06 (1.49)  0.43 

Household income  52,892 (8,218)   55,963 (8,972)  0.26 

Proportion rural growth 1993–2013  0.00 (0.06)   -0.02 (0.09)  0.59 

Household income growth 1993–

2013  0.07 (0.09)   0.07 (0.14)  

0.93 

Health expenditures growth 1993–

2009  1.87 (0.35)   1.73 (0.45)  

0.25 

Notes: Includes 50 states and the District of Columbia. Values in parentheses are standard deviations.  

CON = certificate of need; CT = computed tomography; HCC = hierarchical condition category. 
 

 

 

Panel C. PET Scans 

 No CON laws CON laws 
Test for differences  

(p-value) 

Number of states 31 20  

Number of hospitals 870 416  

Number of providers of PETs per 100,000 beneficiaries   

Hospitals   4.94 (1.98)   4.82 (2.53)  0.85 

New hospitals (start year 1993 to 

present)  0.34 (0.38)   0.14 (0.22)  
0.03 

Preexisting hospitals (start year 

before 1993)  4.60 (1.82)   4.69 (2.51)  
0.89 

Nonhospital providers  4.93 (4.26)   1.81 (1.62)  0.00 
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All PET providers 9.88 (3.62) 6.64 (2.87) 0.00 

Number of PET scans per provider    

Hospitals   260.24 (95.51)   311.44 (129.38)  0.11 

New hospitals (start year 1993 to 

present)  260.40 (293.22)   196.88 (140.28)  
0.56 

Preexisting hospitals (start year 

before 1993)  260.67 (96.75)   318.47 (137.60)  
0.08 

Nonhospital providers  69.48 (60.68)   66.58 (67.45)  0.88 

Number of PET scans per 1,000 beneficiaries   

Hospital  12.54 (6.90)   14.17 (8.13)  0.44 

Hospital (log)  2.50 (0.45)   2.57 (0.64)  0.68 

New hospital  0.79 (1.05)   0.21 (0.30)  0.02 

New hospital (log)  0.45 (0.50)   0.16 (0.23)  0.02 

Preexisting hospital   11.75 (6.47)   13.96 (8.05)  0.28 

Preexisting hospital (log)  2.44 (0.46)   2.55 (0.63)  0.46 

Nonhospital  3.79 (4.12)   1.37 (1.95)  0.02 

Nonhospital (log)  1.23 (0.83)   0.64 (0.63)  0.01 

Total PET scans per 100,000 

beneficiaries 16.3 (7.5) 15.5 (8.8) 
0.73 

Market share    

Hospital  0.78 (0.20)   0.90 (0.15)  0.02 

New hospital  0.05 (0.06)   0.01 (0.02)  0.01 

Preexisting hospital  0.73 (0.20)   0.89 (0.15)  0.00 

Nonhospital  0.22 (0.20)   0.10 (0.15)  0.02 

Care obtained outside patient’s state/county of residence   

 Percent traveling out of state 0.134 0.167 0.35 

 Percent traveling out of county 0.487 0.492 0.90 

State Characteristics    

Number of states—West  11 2  

Number of states—South  6 8  

Number of states—Midwest  10 2  

Number of states—Northeast  4 8  

Medicare fee-for-service beneficiaries  633,314 (599,425)   414,890 (325,426)   

Average age  75.45 (0.68)   75.35 (0.67)  0.60 

Percentage male  44.25 (1.88)   43.45 (1.81)  0.14 

Percentage non-Hispanic white  86.53 (8.82)   81.96 (18.62)  0.24 
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Percentage Black  4.95 (5.46)   9.99 (13.31)  0.07 

Percentage Hispanic  4.48 (5.62)   1.75 (1.53)  0.04 

Average HCC score  0.93 (0.07)   0.95 (0.07)  0.30 

Unemployment  6.53 (1.62)   7.15 (1.37)  0.16 

Household income  53,382 (7,235)   54,129 (10,206)  0.76 

Proportion rural growth 1993–2013  −0.01 (0.05)   −0.01 (0.08)  0.82 

Household income growth 1993–

2013  0.07 (0.09)   0.07 (0.12)  

0.88 

Health expenditures growth 1993–

2009  1.86 (0.39)   1.80 (0.38)  

0.62 

Notes: Includes 50 states and the District of Columbia. Values in parentheses are standard deviations.  

CON = certificate of need; HCC = hierarchical condition category; PET= positron emission tomography. 
 

 

Table 1 presents descriptive statistics for CON and non-CON states, as well as t-tests for 

differences between CON and non-CON states. The table includes all variables used in 

our regressions, as well as the number of providers for imaging scans from different 

provider types—including disaggregate rates for new hospitals, pre-CON hospitals, and 

nonhospitals—for each type of imaging service. 

Table 1, panel A shows differences between states with and without MRI CON 

laws, showing differences for four categories: (a) the number of providers of MRI scans 

per 100,000 beneficiaries, (b) the number of MRI scans per MRI scan provider, (c) the 

number of MRI scans per 1,000 beneficiaries, and (d) hospitals’ market share for MRI 

scans. Panel B shows the analogous differences for CT scans, and panel C shows those 

differences for PET scans. All panels also report means and differences in socioeconomic 

characteristics by the type of CON law considered in each of those panels. 
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All three panels in table 1 reveal consistently fewer medical providers in CON 

states for all MRI, CT, and PET scan provider types—that is, all hospitals, new hospitals, 

older hospitals, and nonhospital providers—across states with MRI, CT, and PET CON 

laws. Overall, there are fewer providers of MRI (-20.5%), CT (21.7%) and PET (-32.8%) 

scans in the states that restrict those services. Some of those differences are statistically 

significant. For the number of scans per provider, Table 1 shows that new hospitals and 

nonhospital providers have fewer scans per beneficiary in CON states, whereas pre-CON 

hospitals show no statistically significant difference in number of scans regardless of 

CON status. 

Similarly, with respect to the number of scans per 1,000 beneficiaries, Table 1 

reports that all provider categories show the pattern of fewer scans provided in states with 

CON laws. Table 1 also shows that hospitals, especially hospitals that began service 

before 1993, have a higher market share on average in CON states than in non-CON 

states. 

All panels of Table 1 show modest differences in socioeconomic characteristics 

between states with CON laws and states without CON laws. With the exception of the 

racial variables, the demographic characteristics are balanced between CON and non-

CON states, and the differences in means for the latter variables are not statistically 

significant. As displayed in Figure 1, states with CON laws for each imaging service tend 

to cluster in the East, where fewer non-Hispanic whites and fewer Hispanics but more 

Blacks reside. In our regressions, we control for state differences through fixed effects. 

Racial differences between CON and non-CON states seem to have no effect on state 
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growth. Our state growth variables—that is, the change in (a) the proportion of the state 

that is rural, (b) household income growth, and (c) health expenditures growth—

measured from 1993 to the present are very similar between CON and non-CON states. 

 

 
Figure 2. Nonhospital Providers and Number of Scans Provided by Nonhospitals 

Panel A. MRI Scans 
Note: CON = certificate of need, MRI = magnetic resonance imaging 
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Figure 2. Nonhospital Providers and Number of Scans Provided by Nonhospitals 

Panel B. CT Scans 
Note: CON = certificate of need, CT = computed tomography. 
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Figure 2. Nonhospital Providers and Number of Scans Provided by Nonhospitals 

Panel C. PET Scans 
Note: CON = certificate of need, PET = positron emission tomography 
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Figure 3. Number of New Hospital Providers and Number of Scans Provided by 

New Hospitals by CON Status 

Panel A. MRI Scans 
Note: CON = certificate of need, MRI = magnetic resonance imaging. 
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Figure 3. Number of New Hospital Providers and Number of Scans Provided by 

New Hospitals by CON Status 

Panel B. CT Scans 
Note: CON = certificate of need, CT = computed tomography. 
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Figure 3. Number of New Hospital Providers and Number of Scans Provided by 

New Hospitals by CON Status 

Panel C. PET Scans 
Note: CON = certificate of need, PET = positron emission tomography. 

 

 

Figures 2 and 3 display state data for the dependent variables of interest for our 

fixed-effects regressions separated by CON and non-CON states, plotting providers per 

beneficiary by scans per beneficiary. Figure 2 corresponds to rates for nonhospital 

providers, and Figure 3 corresponds to new hospital providers that began operating since 

1993. In both provider cohorts, across all three scan types, CON states demonstrate 

different patterns for the number of scans and providers than non-CON states. 
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In the graphs, the right end shows states with high numbers of scans per 

beneficiary, and large values tend to be non-CON states. In contrast, CON states tend to 

cluster along the left side of each graph with low number of scans. The top of the graph 

represents a high concentration of providers of scans and tends to be populated with non-

CON states, whereas the bottom of the graph tends to be populated with CON states. That 

clustering effect is pronounced across new hospital providers (Figure 3), implying that 

the difference in provision rates between CON and non-CON providers is especially large 

for new hospital provision. 

 

1.4.2. The Effect of CON Laws on Patient Access and Travel Distance 

 

 

Table 2. Descriptive Statistics Aggregate Travel Rates by Residence in a CON State 

and a Non-CON State 

 MRI CT PET 

  

Patients 

in CON 

states 

Patients in 

non-CON 

states 

Patients 

in CON 

states 

Patients in 

non-CON 

states 

Patients 

in CON 

states 

Patients in 

non-CON 

states 

 n=   80,917   176,606  

 

156,287   560,725   5,895   15,718  

Out of state % 10.8 10.4 8.1 7.8 9.6 8.4 

Out of county % 47.6 39.7 38.5 34.5 52.8 43.5 
Note: Includes residents of all 50 states and the District of Columbia claim counts includes a 5-percent sample of 

Medicare beneficiaries. .CON = certificate of need; CT = computed tomography; MRI = magnetic resonance imaging; 

PET = positron emission tomography. 

 

 

Table 3. Effect of CON Laws on Patients’ Probability of Traveling Outside Their 

County of Residence—OLS Regression Results 

 MRI scans CT scans PET scans 

Number of observations (claims) 257,523 717,012 21,613 

Lives in a CON state 0.055*** 0.037** 0.038+ 
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Age 70–74 −0.001 0.012*** −0.009 

Age 75–79 −0.024*** −0.010*** −0.037*** 

Age 80–84 −0.052*** −0.040*** −0.069*** 

Age 85+ −0.080*** −0.071*** −0.103*** 

Male 0.016*** 0.032*** 0.021*** 

Non-Hispanic white 0.022 0.030** 0.028 

Black −0.026 −0.042*** −0.049 

Asian −0.021 −0.041*** −0.062 

Hispanic −0.037** -0.010 0.020 

Native American 0.066** 0.038 0.125 

Lives in a metropolitan area −0.460*** −0.441*** −0.576*** 

Lives in a micropolitan area −0.306*** −0.323*** −0.343*** 

Density: people per square mile 0.000 -0.000 -0.000 

Constant 0.806*** 0.724*** 0.939*** 

+ statistically significant at the 15-percent level, * statistically significant at the 10-percent level, ** significant at the 5-

percent level, *** significant at the 1-percent level. 

Note: Includes residents of all 50 states and the District of Columbia. CON = certificate of need; CT = computed 

tomography; MRI = magnetic resonance imaging; PET = positron emission tomography. 

 

 

Tables 2 presents summary statistics for out of state and out of county travel, separated 

by whether a state has a relevant imaging CON law. For each type of imaging service, 

travelling out of county or state to seek treatment is higher in CON states. Table 3 uses 

regression analysis to measure this difference in testing our hypothesis that patients in 

CON states have a higher likelihood of obtaining treatment in another county relative to 

patients residing in in states without a CON. After controlling for socioeconomic 

characteristics, Table 6 shows that the coefficient on CON shows patients in CON states 
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have a higher likelihood to travel out of state for each of the three imaging types, with the 

coefficients on MRI and CT being statistically significant.16 

Those coefficients imply that CON laws are associated with patients’ decision to 

obtain care out of county, increasing their chance of traveling by 3.4 to 5.3 percentage 

points, depending on the type of scan. These estimates are based on aggregating both 

hospital and nonhospital claims, demonstrating that among all service settings, CON laws 

are related to patients’ decisions to seek care out of county. The coefficients on the control 

variables show that patients residing in urban areas, especially metropolitan areas, have 

less out-of-county travel and that older patients are less likely to travel out of county to 

seek care. 

 

1.4.3. The Effect of CON Laws by Type of Provider 

 

 

Table 4. Effect of Imaging CON Laws on Type and Number of Providers 

 Log(scans per 1,000 beneficiaries) 

 MRI CT PET 

 (1) (2) (3) 

 
16 To test the sensitivity of the model to different assumptions, we tested three additional specifications of 

model (3). 

First, instead of the linear probability model in equation (3), we specified an alternative version of the 

model that used a probit model instead of ordinary least squares (OLS) to test the sensitivity of the results 

to model choice. After specifying this alternative model, we found that the standard errors and p-values 

were very close in magnitude, with no variable changing its statistical significance at the 5 percent or 10 

percent threshold. In the OLS models, no MRI or CT claims and fewer than 3 percent of PET claims had a 

predicted value greater than one or less than zero. 

Second, we ran a similar regression on the propensity to travel out of state rather than out of county. The 

relationship between CON and the chance of traveling out of state was positive but smaller and not 

statistically significant. 

Finally, we assessed the impact of very small counties by re-specifying equation (3) after excluding 

observations from counties that were smaller than 200 square miles. The coefficients on our CON variables 

were slightly smaller but met similar thresholds of statistical significance. 
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Observations 153 153 153 

CON law 0.18** (0.09) 0.10 (0.11) 0.11 (0.16) 

CON law * New 

hospital 
-1.31*** (0.24) -1.51*** (0.38) -0.40** (0.17) 

CON law * 

Nonhospital 
-0.49** (0.21) -0.62* (0.34) -0.70*** (0.25) 

New hospital -2.34*** (0.15) -2.63*** (0.15) -1.99*** (0.11) 

Nonhospital -0.09 (0.10) -1.73*** (0.10) -1.21*** (0.18) 

Constant 4.57*** (0.05) 4.90*** (0.04) 2.44*** (0.08) 

R2 0.84 0.78 0.72 

Hypothesis tests for total CON effects—p values 

Preexisting 

hospitals 

(reference): 

B_CON law = 0 

0.042 0.354 0.494 

New hospitals: 

B_CON law + B_CON 

law*new hospital = 0 

<0.001 <0.001 0.008 

Nonhospitals: 

B_CON law + B_CON 

law*new hospital = 0 

0.108 0.138 0.006 

 Providers per 1,000 beneficiaries 

 MRI CT PET 

 (4) (5) (6) 

Observations 153 153 153 

CON law 0.01 (0.01) 0.00 (0.01)  0.00 (0.01) 

CON law * New 

hospital 
-0.03*** (0.01) -0.06*** (0.02) -0.00 (0.01) 

CON law * 

Nonhospital 
-0.15** (0.08) -0.13 (0.08) -0.03** (0.01) 

New hospital -0.05*** (0.01) -0.01 (0.01) -0.04*** (0.00) 

Nonhospital 0.55*** (0.04) 0.47*** (0.04) 0.00 (0.01) 

Constant 0.10*** (0.01) 0.11*** (0.01) 0.05*** (0.00) 

R2 0.75 0.71 0.45 

Hypothesis tests for total CON effects—p values 
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Preexisting 

hospitals 

(reference): 

B_CON law = 0 

0.377 0.709 0.896 

New hospitals: 

B_CON law + B_CON 

law*new hospital = 0 

<0.001 0.001 0.019 

Nonhospitals: 

B_CON law + B_CON 

law*new hospital = 0 

0.065 0.121 <0.001 

*p<0.10, **p<0.05, ***p<0.01 

Notes: Includes one observation for each provider type for each of 50 states and the District of Columbia. The table 

presents regression coefficients with clustered standard errors in parentheses. CON = certificate of need; CT = 

computed tomography; MRI = magnetic resonance imaging; PET = positron emission tomography.  

 

 

The regressions in Table 4 tests our hypotheses that relative to incumbent hospitals, CON 

laws reduce the number of imaging services for new hospitals and nonhospitals. The 

dependent variables in columns (1) to (3) are the number of scan and the dependent 

variable in columns (4) to (6) is the number of providers. 

Table 4 measures differences between CON and non-CON states and differentials 

within CON states across provider types. The coefficient on CON law measures 

differences between CON and non-CON provision rates for the reference group, 

preexisting hospitals, and the subsequent interactions measure differentials for new 

hospitals and nonhospitals relative to preexisting hospitals. For new hospitals and 

nonhospitals, the effect is measured by the sum of the coefficient on CON Law and its 

associated interaction estimate total CON and non-CON differences. 

For both quantity of scans and number of providers, the coefficient on CON law is 

uniformly positive across scan type but small in magnitude. However, the coefficients on 

the interaction terms, representing the differential between incumbent hospitals and new 
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hospitals as well as nonhospitals, are uniformly negative and large in absolute value 

relative to the CON law coefficient., Most of these estimates are statistically significant. 

If CON laws affected each provider type equally, the coefficient on the interaction 

variables would have been zero.  

Table 3 shows, for our reference group, incumbent hospitals, the magnitude of the 

coefficients on CON law in the quantity of scans regression ranges from 0.10 to 0.18 

depending on type of scan, implying that CON laws are associated with 11 to 20 percent 

more scans in incumbent hospitals. However, these results are not statistically significant 

in CT or PET scan specifications. For new hospitals, the total CON association is the 

coefficient on CON law plus its interaction, implying a 25 percent to 76 percent reduction 

in new hospital scans. Similarly, the corresponding estimates for nonhospitals imply a 27 

to 45 percent reduction in scans.  

The estimates for providers per 1,000 beneficiaries in columns (4) through (6) in 

Table 9 mirror the results for quantity of services. The estimated coefficients on the 

interaction terms are uniformly negative and often statistically significant at the five 

percent level. Our results imply that CON is associated with between 0.003 to 0.06 fewer 

new hospital providers and 0.03 to 0.15 fewer nonhospital providers per 1,000 

beneficiaries. Those findings are consistent with the hypothesis that CON laws benefit 

hospitals relative to other providers and that incumbent hospitals benefit relative to new 

hospitals. 

The magnitude of the CON Law interactions is lower for PET services, which 

have at least 90 percent fewer patients (Table 1), compared to MRI or CT services. These 
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results open the question as to whether markets with more patients may incur stronger 

incentives (and therefore more occurrence of) incumbency protection. Assuming that our 

fixed effects capture all variables that simultaneously affect use and the adoption of the 

CON law, the CON law is uncorrelated with the error term in the regression equation. In 

this case, CON is exogenous conditional on the controls, and we can give the point 

estimates a causal interpretation.17 

  

 

 
 

 
17 To measure the robustness of our results to different assumptions, we specified two additional version of 

the model. First, instead of using services provided in the state for dependent variable, we used the services 

obtained by residents of the state instead, finding that the results were nearly identical. Second, we added 

state control variables, including Census region (West, South, Midwest, Northwest) and the percent of 

Medicare FFS beneficiaries that are male, non-Hispanic white, Black, Hispanic, as well as 20-year rates of 

change (from 1993 to 2013) in the urban percentage, median household income, and national health 

expenditures, alongside the CON dummy variables and found that the results after including state 

characteristics were very similar. 

MRI CT PET
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Figure 4. Market Share by Hospital Opening Timeframe 
Source: Analysis of Medicare claims data CY2013, including inpatient and outpatient hospital claims. 

Note: CON = certificate of need; CT = computed tomography; MRI = magnetic resonance imaging; PET = positron 

emission tomography.  
 

 

Figure 4 plots the market shares of new and preexisting hospitals based on our 

2013 scan services data. These plots are consistent with the findings in Table 2, as the 

plots show large rates of entry of non-hospitals in states without CON relative to states 

with CON. The plot further sows that new hospitals were able to secure a larger market 

share in states without CON relative to states with CON. Overall, Figure 2 shows that the 

timeframe for when CON laws were implemented is a meaningful delineator for 

differences in market share across CON and non-CON states. Table 3 complements these 

findings in Figure 2 by showing that the market share differential in new and pre-CON 

hospitals derives in part from fewer number of providers in CON states. 

 

Table 5. Summary Effect of CON Laws by Provider Type and Imaging Service, 

Summarized from Table 3. 

CON Effect (% of Scans) 

Type of scan 
Nonhospital 

scans 

Hospital scans 

Pre-CON hospital 

scans 

New hospital 

scans 

MRI −27 +20 −68 

CT −41 +11 −76 

PET −45 +12 −25 
Notes: Calculated by exponentiation of the coefficient on CON law in table 2A for nonhospitals, the 

coefficients on CON laws plus the coefficient on (CON Law*Hospital) in table 2A, the coefficient on CON 

law in table 2B for new hospitals, and the coefficients on CON laws plus the coefficient on CON 

Law*Preexisting Hospital in table 2B. CON = certificate of need, CT = computed tomography, MRI = 

magnetic resonance imaging, PET = positron emission tomography. 
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Table 6. Summary Effect of CON Laws by Provider Type and Imaging Service, 

Summarized from Table 3. 

CON Effect per 100,000 Beneficiaries 

Type of 

provider 

Nonhospital 

providers 

Hospital providers 

Pre-CON hospital 

providers 

New hospital 

providers 

MRI −14.7 0.8 −2.5 

CT −12.2 0.4 −5.4 

PET −3.1 0.1 −0.2 
Notes: Calculated by exponentiation of the coefficient on CON Law in Table 3A for nonhospitals, the coefficients on 

CON Laws plus the coefficient on (CON Law*Hospital) in Table 3A, the coefficient on CON Law in Table 3B for new 

hospitals, and the coefficients on CON Laws plus the coefficient on CON Law*Preexisting Hospital in Table 3B. 

Values are converted from per-1,000-beneficiary to per-100,000-beneficiary. CON = certificate of need, CT = 

computed tomography, MRI = magnetic resonance imaging, PET = positron emission tomography. 

 

 

The results in Tables 5 and 6 summarize the regression coefficients on CON law 

for all provider types and all scan types. The results for the number of providers (Table 6) 

mirror the results for the quantity of services (Table 5), both demonstrating that CON 

laws are unrelated to total provision in hospitals and to provision in preexisting hospitals 

but are negatively related to provision in new hospitals and nonhospitals. A breakdown 

across preexisting hospitals and new hospitals shows that the effect differentiates within 

hospital types, with preexisting hospitals gaining between 11 and 20 percent additional 

scans in CON states and new hospitals losing between 25 and 76 percent of scans. 

Similarly for number of providers (Table 6), the CON effect does not hold for all hospital 

types because preexisting hospital providers are slightly more common in CON states, by 

0.1 to 0.8 per 100,000 beneficiaries. For PET scans, the effect on hospitals is nearly 0, 

with the only large effect occurring in nonhospital providers. 

 

1.5. DATA AND EMPIRICAL MODELS 
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The statistically significant difference in provision of imaging services between 

hospitals and nonhospitals and between new hospitals and pre-CON hospitals supports 

our theoretical framework, which hypothesizes that nonhospital providers experience 

greater barriers to providing imaging services under CON laws than do hospital 

providers. Our results imply that CON laws widen the differences between hospitals and 

nonhospitals, disadvantage new hospitals in establishing imaging services, and protect 

existing hospitals. The magnitude of the coefficients implies that the association of the 

CON policy with scans provided by new hospitals is large in magnitude. 

By demonstrating that CON negatively impacts the rate of providers per capita, 

our results further lend support to the hypothesis that CON laws result in fewer patient 

choices for MRI or CT scans. These CON states with lower provider rates correlate with 

the predicted additional patient travel costs. Thus, CON laws may harm consumers 

because patients living in CON states are induced to travel more often than are patients 

living in non-CON states. Our work focused on the mechanism that CON lower access to 

care by making a smaller selection of services available, as evidenced by fewer providers 

of services in CON states.  

We find that the level of market entry restriction in CON states for hospitals are 

consistently different from those of for nonhospitals, and the entry restrictions for new 

hospitals are consistently higher than those for incumbent hospitals. These restrictions 

explain some of the differences in market share across CON states and non-CON states; 

older hospital providers have a stronger market presence in CON states and are shielded 
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by CON laws that leave them largely unaffected. We find that results for PET scans, with 

a smaller market size, are weaker than for those of MRI or CT scans. 

The results also identify a mechanism through which CON impacts the quantity of 

services. Our findings indicate that CON laws seem to largely limit new hospitals and 

nonhospitals from providing services. Most of the CON effect is still present even after 

excluding states with no CON laws and comparing only between states with different 

types of CON policies. Thus, CON laws for imaging services have an impact on the 

imaging segment separate from the impact of general CON laws. 

Our results are limited by the lack of state changes in CON policy for imaging 

equipment limits our analysis to a cross-sectional comparison, although we allow for 

differential effects based on the timing of hospital openings. Further research may further 

disaggregate provider types into subtypes within the new hospital or nonhospital group, 

as well as investigate whether co-ownership or system membership also differs across 

states with and without CON laws to determine impacts on relationships across provider 

types. Additional research would be helpful in determining why additional costs and 

barriers in the healthcare industry restrict certain market providers and how they may 

affect where services occur. 

The findings in this study show that CON laws are related to diminished market 

share for certain types of providers. This supports the observation that CON laws may 

favor certain providers over others. Not only does this finding imply a negative CON 

impact on providers and has implications market structure and consolidation, but this 
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finding also highlights a policy that may be harming patients in their ability to choose 

providers. 

 

 



44 

 

CHAPTER 2 MOVING OPPORTUNISTICALLY: INTERSTATE MIGRATION 

AFTER MEDICAID EXPANSION 

 

2.1. INTRODUCTION 

The welfare magnetism hypothesis predicts that areas with higher levels of welfare 

provision attract migration by those who are most likely to be potential recipients of such 

benefits (Zavodny 1997, Borjas 1998). Typically, empirical research has used cross-

country differences in welfare policies to apply the welfare magnetism hypothesis to 

international migration (McKinnish 2005), without relying on within-country differences 

in welfare provision, such as differences in policies across US states. Like other state 

welfare programs, Medicaid, which currently finances insurance for 76 million 

individuals (Kaiser Family Foundation 2020b), has historically held common eligibility 

thresholds that limited state policy differences. However, the recent introduction of 

expanded eligibility in select states has dramatically widened benefit provision levels 

geographically. This institutional feature allows for a unique setting to test whether 

individuals move for health insurance benefits. 

 The Patient Protection and Affordable Care Act, commonly referred to as the 

ACA, implemented substantial incentives for states to extend Medicaid benefits to 

previously ineligible individuals, beginning in 2014. Each state government elected 

whether to expand Medicaid eligibility or rather maintain their previous eligibility rules, 

a decision that resulted in widening differences in state Medicaid benefits. Not only did 

these rule changes affect eligibility across income levels, but also differentially affected 
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eligibility in special categories, such as disabled individuals and parents of young 

children. Subsequently, Medicaid enrollment and expenditures increased in states that 

opted to expand eligibility (Kaiser Family Foundation 2019). 

Economic theory predicts that interstate differences in government-provided 

social welfare benefits generate incentives for targeted individuals to migrate to areas 

with higher benefits. The theory hypothesizes that “push” effects, where individuals 

prefer to leave a low-benefit area, are separable from “pull” effects, where individuals 

prefer to settle in a high-benefit area (Borjas 1998). Previous tests of the welfare magnet 

hypothesis, analyzing the financial welfare payments to poor families, have found modest 

migration effects (McKinnish 2007, Frey 1997) or insignificant effects (Allard and 

Danziger 2000). Similarly, studies analyzing Medicaid have found only small or 

nonexistent changes in moving rates of potential Medicaid beneficiaries (Yang and 

Wallace 2007, Goodman 2017). 

In this paper, we use a novel empirical design to test whether individuals move to 

states with high Medicaid enrollment to take advantage of opportunities to increase 

expected benefits. Our approach measures increased expected benefit based on changes 

in states’ Medicaid enrollment after the ACA was implemented, rather than the state’s 

expansion status policy. Analyzing changes in the incentive to move, measured as the 

increase in a state’s propensity to enroll individuals into Medicaid, eliminates many 

concerns regarding omitted variable bias. Further, different from previous studies, we 

study the migration behavior of individuals with unique health care requirements that 

make being uninsured particularly costly. To reduce heterogeneity in the sample, we 
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focus on the subsets of this population that are newly eligible for Medicaid health 

coverage. We provide substantial evidence that Medicaid expansion led to in-migration in 

states with Medicaid programs highly-expanding enrollment. This effect is especially 

large amongst individuals living close to the state’s border and for individuals with 

disabilities. The increase in migration was present only for individuals inside the income 

range targeted by the ACA’s Medicaid expansion and not for individuals far outside the 

income range. The full migration effect was not immediate, as it appeared to continue 

increasing several years after the ACA implementation.  

 

2.2. BACKGROUND 

Prior to ACA implementation, individuals below the poverty line were eligible for 

Medicaid with few exceptions above the poverty line ceiling. Although the Medicaid 

provisions in the original 2010 ACA required all states to expand Medicaid eligibility, a 

Supreme Court decision invalidated the requirement before the law was implemented. 

The decision ruled that state governments could instead choose whether to adopt the new 

guidelines in January 2014 when the law was set to be implemented, adopt the guidelines 

in subsequent years, or not adopt them at all (National Federation of Independent 

Businesses v. Sebelius 2012). The new guidelines extended Medicaid eligibility beyond 

the previous cutoff of 100 of the federal poverty line (FPL) to 138 percent of the FPL. In 

addition to the choice of whether to expand, some states had the option to introduce 

additional enrollment rules or exceptions, such as higher income ceilings for people with 

disabilities (Musumeci 2014). 
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The ensuing state decisions about adoption of the higher income cutoff resulted in 

Medicaid eligibility that diverged widely across states, especially for the population 

between 100 and 138 percent of the FPL. By FY2018, thirty-two states, referred to as 

Medicaid expansion states, had implemented the new policies. 

Over the same timeframe, enrollment rapidly increased amongst those that were 

eligible under the pre-ACA income cutoff but had not applied and enrolled. Research has 

highlighted that these eligible non-enrollees have been hampered by “time, hassle, 

stigma, or lack of knowledge.” (Davidoff, Garrett and Yemane 2001) Immediately before 

the ACA implementation, the Centers for Medicare and Medicaid Services supplied 

states with “targeted enrollment strategies” to encourage enrollment among eligible non-

enrollees (Centers for Medicare and Medicaid Services, 2013). Together, ACA 

implementation resulted in an additional enrollment of 12.5 million newly eligible and 

3.1 million previously eligible individuals, or 21 percent of enrollment in those states 

(Kaiser Family Foundation 2020b). Contributing to this dramatic increase in enrollment 

is a post-ACA trend toward enrollment of non-eligible individuals incorrectly labeled 

eligible (Courtemanche, Marton and Yelowitz 2019).18 

The increased enrollment was financed primarily by the federal government 

(Kaiser Family Foundation 2019). The number of beneficiaries and expenditures have 

 
18 Enrollment of non-eligible individuals are sometimes financed with strategic accounting that draws 
more federal support for state Medicaid (Coughlin, Zuckerman and McFeeters 2007). Research from OIG 
(Levinson 2018) and others (Blase and Yelowitz 2019) has shown that some individuals receiving Medicare 
benefits are above or far above the income limit for Medicaid, especially in several states and may be 
improperly enrolled. .  



48 

 

exceeded the original projections by the Congressional Budget Office (2016), 

demonstrating the breadth and complexity of state action on Medicaid enrollment. 

 

2.3. THEORETICAL FRAMEWORK 

The proceeding section explores the impact of Medicaid expansion in the context of 

inputs into the decision to move residence from one state to another. Our standard model 

assumes individuals and households weigh costs and benefits of both whether to move 

and where to move based on a host of factors including the features and characteristics of 

the origin and potential destination states. Based on the idea that government-provided 

goods and services offer benefits to moving, the welfare magnetism hypothesis posits that 

larger state benefits attract movers (Meyer 1998, Blank and Ruggles 1996, Borjas 1998, 

Zavodny 1997). We apply the welfare magnetism hypothesis to an individual’s decision 

to move across state lines to move from a state where he or she is less likely to be eligible 

for Medicaid, to enroll in a Medicaid program where this person’s application is more 

likely to be approved. We hypothesize that the incentive to move increases with the 

expected increase in Medicaid benefits, due to moving from a low-benefit state to a high-

benefit state. 

The size of a Medicaid benefit depends on the amount and value of the medical 

services financed by the program. Medicaid enrollment covers nearly all medical costs 

for enrolled individuals and enables enrollees to forgo the vast majority of healthcare 
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costs otherwise incurred.19 Medicaid beneficiaries’ out of pocket payments are only a 

small portion of healthcare costs associated with their care.20 Thus, individuals who are 

newly eligible for Medicaid and with high expected healthcare costs receive the largest 

benefit from Medicaid expansion. We predict that welfare magnetism effects will apply 

to those newly eligible individuals and households with the highest expected healthcare 

costs, who are individuals with disabilities and those with dependent children. Because 

Medicaid expansion for adopting states primarily applied to those between 100 and 138 

percent of the FPL, we formulate our hypothesis for individuals and households in those 

income ranges.21 

 

 Hypothesis 1: After the enactment of state Medicaid expansion, individuals with 

the highest health care costs, that is those with disabilities and dependent children, with 

incomes between 100 and 138 percent of the FPL will increase their probability of 

moving to states with increasing Medicaid enrollment; that is, they will be more likely to 

move to states with higher Medicaid benefits. 

The predicted effect in Hypothesis 1 will be attenuated in the early years after the 

enactment of the ACA, due to by legal challenges that reduced the probability that 

 
19 The eligibility for each Medicaid applicant is computed separately for each applicant. However, the 
eligibility criteria are based on a mix of individual and household factors, depending on the circumstance 
(Nemore 1993). 
20 For example, the beneficiary cost of a non-emergency use of an ER is $8 in the most recent rates posted 
to the Medicaid website. 
Source: https://www.medicaid.gov/medicaid/cost-sharing/cost-sharing-out-pocket-costs/index.html 
(accessed June 20, 2020). 
21 In addition to the income cutoff at 138 percent of the FPL, states had the option to extend expansion to 
additional eligibility categories. 

https://www.medicaid.gov/medicaid/cost-sharing/cost-sharing-out-pocket-costs/index.html
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Medicaid expansion would be permanent.22 Moreover, for many individuals, the effect of 

the Medicaid expansion on moving is not immediate, since individuals learn of state 

differentials in Medicaid benefits over time, and may take additional time to weigh and 

implement the complex decision to move. Because of these mitigating factors, we test the 

hypothesis through five years after the ACA implementation.  

Individuals with disabilities, who have unique healthcare requirements, and 

households with young children tend to have high health care consumption and 

expenditures. For example, Medicaid spends spend approximately five times more for 

beneficiaries with disabilities, nearly $17,000 per enrollee annually, than for the average 

adult enrollee. 23 Dependent children also represent additional healthcare expenses for a 

household. Thus, families with young children experience a potentially high benefit from 

moving to a state with larger Medicaid benefits. The enrollment benefit is further 

reinforced by Medicaid’s special eligibility pathways for those with disabilities and those 

with children.24 Hypothesis 1 posits that the size of the benefit opportunity for 

subpopulations with disabilities or with children will be large enough to motivate some of 

those individuals to move.  

 
22 Medicaid expansion was challenged both in the courts (National Federation of Independent Businesses 
v. Sebelius 2012, Texas v. US 2018) and in Congress (H.R. 1628, American Health Care Act of 2017). 
23 Source: https://www.kff.org/medicaid/state-indicator/medicaid-spending-per-
enrollee/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22
%7D 
24 Based on those program rules, which considers both disability and parenthood to be special cases, we 

hypothesize that the affected subpopulations have different propensities to enroll. Those with disabilities 

have different eligibility pathways such as Social Security Income eligibility, and parents of young children 

may be covered under Medicaid provisions and through Children's Health Insurance Program (CHIP). State 

with more generous policies or those including special provisions under Medicaid expansion will offer 

greater incentives for those subpopulations to enroll and may have different baseline enrollment rates for 

those groups. 

https://www.kff.org/medicaid/state-indicator/medicaid-spending-per-enrollee/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22%7D
https://www.kff.org/medicaid/state-indicator/medicaid-spending-per-enrollee/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22%7D
https://www.kff.org/medicaid/state-indicator/medicaid-spending-per-enrollee/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22%7D
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Hypothesis 2: Because of changes the relative benefit of short-distance to long-

distance moves beginning in 2014, the average distance of an interstate move to states 

with the largest increases in Medicaid enrollment will decreases amongst incomes 

between 100 and 138 percent of the FPL. 

Our second hypothesis makes predictions based on changes in the relative 

frequency at which individuals will move from short and long distances across state lines 

for welfare benefits. To develop this hypothesis, we reiterate that an individual will move 

residence if  

𝑁 = 𝐵 − 𝐶 > 0 

That is, when the net benefits of moving (N), defined as benefits of moving (B) 

minus costs of moving (C), are greater than zero. We further assume that in equilibrium 

prior to the ACA, all individuals had exhausted moving opportunities at the margin so 

that at the time of implementation, net benefits of moving are equal to zero. This 

assumption implies that at ACA implementation, the ratio of net benefits of a short 

distance move (NS) to the net benefits of a long-distance move (NL) is NS/NL=1. 

We further build from the assumption that short-distance moves (𝐶𝑆) have lower 

costs than long-distance moves (𝐶𝐿), due to lower travel and social capital costs, thus 

CS<CL. Given that prior to the ACA, NS/NL=1, the assumption of costlier long-distance 

moves implies that for movers prior to the ACA, the benefits of short-distance moves 

(BS) must have been lower than for those of long-distance moves (BL). That is, prior to 

the ACA, the relative benefit (RB) was BS/BL<1. 
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Suppose that after the ACA implementation, moving benefits for short and long-

distance moves increase by M. The relative benefit of short-distance moves now 

becomes: 

𝑅𝐵 =
𝐵𝑆 + 𝑀

𝐵𝐿 + 𝑀
 

Thus, given that 𝐵𝑆 < 𝐵𝐿 we find that 𝑑𝑅𝐵/𝑑𝑀 > 0, implying that an increase 

in a fixed amount Medicaid benefit increases an individual’s relative benefit of moving a 

short distance, as comparted to a longer distance. This model predicts increases in 

moving frequencies for short distance moves to states with Medicaid expansions after the 

ACA enactment, and that those increases will be proportionally larger than the increases 

in the frequency of longer-distance moves. Thus, there will be increases in the share of 

short-distance movers, amongst all movers to a state, for states with enrollment increases. 

This hypothesis is based on the same underlying mechanism as the Alchian-Allen effect 

(Alchian and Allen 1964), except that that the predictions in the former model are driven 

by fixed increases in costs per unit, while our model generates similar predictions based 

on fixed increases in benefits per move.  

Our predictions in Hypothesis 2 can be obtained by our relative benefit model, but 

could also obtained from a model that assumes that information costs about Medicaid 

benefits other states increases with the distance individuals live away from other states. If 

individuals face lower information costs about the availability of increased Medicare 

benefits nearby, this will also enhance their incentive to move to nearby states compared 

to distant states. 
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2.4. SAMPLE DEFINITION AND CORE VARIABLES 

Our data source is the American Community Survey’s (ACS’s) Public Use Microdata 

Sample (PUMS), which contains individual-level data for the survey years from 2009 to 

2018. The ACS is well suited for this study because of its large sample size of over one 

million individuals per year and its high response rate of at least 92 percent in each year 

(US Census Bureau 2019). Each surveyed individual is assigned a survey weight, making 

the sample nationally representative. The data set contains microdata about an 

individual’s source of health insurance, functional or disability status, income level, 

employment status, gender, age, race, foreign born status, English proficiency, whether 

the person lives with their own child under age 18, and other information. Each annual 

wave of the ACS is a repeated cross-section that samples new individuals each year and 

does not allow for tracking of individuals over time. Additional state-level control 

variables unemployment and median household income are derived from the Census 

Bureau, which computes these variables from the same ACS source (United States 

Census Bureau 2020). We limit these state controls to economic variables based on being 

a determinant of state migration (Serow 1987). 

To identify the Medicaid expansion target population, we use the household 

federal poverty line (FPL) ratio indicator, calculated by the ACS for each individual in 

our data source. Our sample consists the Medicaid target population, that is of individuals 

between 100 and 138 percent of the federal poverty line, who were newly eligible for 
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Medicaid in expansion states beginning in 2014.25 We use disability status and parental 

status to classify subpopulations of our target population. Having a disability is measured 

as a binary outcome for whether the individual reports difficulty in any one or more of 

the following functional areas: hearing, vision, cognitive functioning, ambulating, self-

care, or independent living. Being a parent of young children is defined as living in the 

same household with at least one of one’s own children below age 18.26  

We define Medicaid enrollment status from an individuals’ responses in the ACS 

survey, as to whether they are enrolled in Medicaid, Medical Assistance, or any kind of 

government-assistance plan. For our target population, this enrollment variable almost 

exclusively represents Medicaid-funded health insurance. 

To reduce heterogeneity in the sample with respect to Medicaid eligibility, we 

exclude individuals from our sample with characteristics that alters their incentive to seek 

Medicaid enrollment relative to the majority of the individuals in the target population: 

a. All individuals over the age 65 since they are universally enrolled in 

Medicare health insurance, individuals in active duty or retired from the 

military, since they are covered by the Department of Defense or the 

Veteran Affairs health insurance programs, individuals receiving health 

insurance through the Indian Health Service (IHS), and individuals who 

are eligible for both Medicaid as well as Medicare or other insurance 

 
25 FPL is updated annually and differs based on the number of individuals in a household and whether the 
household is located in Hawaii or Alaska. For 2020, the FPL for an individual is $12,760. 
https://www.healthcare.gov/glossary/federal-poverty-level-fpl/ 
26 The ACS classifications of disability are self-reported and may not match the equivalent classifications in 
each state’s Medicaid’s eligibility rules. 

https://www.healthcare.gov/glossary/federal-poverty-level-fpl/
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providers. We also exclude this latter category of dually eligible 

beneficiaries because Medicaid’s share of benefits for dually eligible 

beneficiaries is much smaller than the share for singularly eligible 

beneficiaries. Thus, dual eligible beneficiaries have a reduced incentive to 

consider Medicaid benefits in their decision of whether or not move across 

state lines. 

b. Individuals younger than 18 years of age.  

c. Women who gave birth within the past twelve months, since they are 

given special eligibility considerations under Medicaid. 

d. Individuals residing in states expanding Medicaid between 2015 and 

before the end of our sample period, 2018, the last year we have data 

available (Alaska, Indiana, Louisiana, Montana, and Pennsylvania) and 

individuals residing in non-contiguous states (Alaska and Hawaii). This 

exclusion applies to residence in either the year the individual is surveyed 

or the previous twelve months.  

e. Non-citizens, who are generally ineligible for Medicaid. 

f. Individuals who moved to the US from a foreign country within the past 

year. 

Further, to avoid mismeasurement of our main variables of interest, we remove 

from our sample individuals whose values for Medicaid status or moving status are 

imputed by the ACS rather than reported directly by the respondent.27 

 
27 Removal of imputed values reduced our sample by approximately 9.3 percent. 
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To define our outcome variable, migration across state lines, we rely on the 

ACS’s information about each individual’s geographic location of residence in the survey 

year and one year prior to the survey year. Since individuals are surveyed on a continuous 

basis, and not in any one fixed point of the year, the current residence is based on the 

month in which the survey was taken, and the previous year’s residence is based on a 

timeframe of twelve months prior. Because our data set spans survey years 2009 to 2018, 

we have previous-year geographic information from 2008 to 2017.  

We compute the distance of a move using data from state-specific Migration 

Public Use Microdata Areas (PUMAs), which consist of at least 100,000 individuals. We 

measure the distance of a move across states from one Migration PUMA to another by 

calculating the distance between the polygon centroid of the current year’s Migration 

PUMA and the polygon centroid of the previous year’s Migration PUMA.28 

 

 
28 Migration PUMAs are redrawn every ten years. Three years of our data (2009 – 2011) used 2000 

Migration PUMA boundaries, while the rest of our data used 2010 Migration PUMA boundaries. Because 

the boundaries were similar across 2000 and 2010 definitions, and because Migration PUMAs do not cross 

state lines, we do not expect that the change in definition has a significant impact on our moving distance 

calculations.  
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Figure 5. Location of expansion and non-expansion states 

 

 

 
 

Figure 6. Medicaid Enrollment for Expansion Target Population by Year 
Notes: Expansion states are states that implemented Medicaid expansion by December 31, 2014. Late 

expansion are states that implemented Medicaid expansion between January 1, 2015 and December 31, 

◼ Expansion state   ◼ Non-expansion state   ◼ Late-expansion state (excluded) 
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2018 are excluded from our empirical analysis. Non-expansion states are states that did not expand 

Medicaid by December 31, 2018. 

 

 

We define expansion as states that expanded Medicaid in 2014, the first year of 

the implementation of the ACA (Kaiser Family Foundation 2020). States that expanded 

Medicaid between 2015 and 2018, i.e. late-expansion states, are excluded from all 

analysis because the timing of the expansion makes its impact less comparable to early 

adopters. We define states that did not expand Medicaid by December 31, 2018 as non-

expansion states. Figure 5 shows the US states, broken down by expansion, non-

expansion, and late-expansion states. Expansion states tend to be located in the West and 

Northeast, which tend to be states with Democratic governors and majority Democratic 

legislatures. Figure 6 shows the difference in enrollment for the target population in both 

types of states across years, demonstrating that the two regimes diverged dramatically 

beginning in 2014. This result is consistent with the policy objective of Medicaid 

expansion to increase enrollment among the target population. 

 

Table 7. Key Descriptive Statistics for the Medicaid Expansion Target Populations 

 

Medicaid 

Expansion 

Target 

Population 

Medicaid 

Expansion 

Population 

with 

Disabilities 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

Number of unweighted observations 582,558 83,641 249,456 

 

Enrolled in Medicaid: Residents of all states 
   

     Pre-ACA 20.5% 44.3% 24.6% 

     Post-ACA 32.6% 55.5% 35.8% 

Enrolled in Medicaid: Expansion state 

residents 
   

     Pre-ACA 25.0% 49.6% 30.6% 

     Post-ACA 44.8% 66.6% 49.2% 
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Enrolled in Medicaid: Non-expansion states 

residents 
   

     Pre-ACA 15.3% 38.3% 17.4% 

     Post-ACA 18.4% 42.7% 20.2% 

 

Moved states within the past twelve months 
   

     Pre-ACA 2.5% 1.9% 1.8% 

     Post-ACA 2.3% 1.8% 1.6% 

 

Average move distance (miles) for interstate 

movers 

   

     Pre-ACA 345.4 321.2 314.5 

     Post-ACA 344.7 319.2 314.9 

 

Notes:  

All samples exclude individuals younger than 18 and older than 64, residents of AK, IN, HI, PA, LA, and 

MT either at the time of the survey or twelve months prior, individuals covered by health insurance by 

Medicare, Indian Health Service, Department of Defense, or Veteran’s Affairs, mothers who gave birth 

within the past twelve months, individuals moving from outside the US in the past twelve months, 

noncitizens, and individuals with imputed Medicaid or moving status. Pre-ACA covers the years from 2010 

to 2013. Individuals with imputed moving or Medicaid status variables are excluded. Post ACA covers the 

years from 2014 to 2018. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18.  

The observations underlying the descriptive statistics in this table are weighted by their sampling weights.  

The reported means in here are very similar to those that use unweighted observations. 

 

 

Descriptive statistics for enrollment and moving measures are organized by pre- 

and post-ACA years, for each of our sample populations are reported in Table 7. The 

table shows higher post-ACA Medicaid enrollment in states that formally expanded 

Medicaid eligibility, relative to those that did not. For example, in expansion states the 

total Medicaid expansion target population nearly doubled in enrollment from 25 percent 

to 44.8 percent, compared to a three percentage point increase 15.3 percent to 18.4 

percent in non-expansion states.  

Further, relative to the overall target population, disabled individuals and parents 

of young children have higher enrollment increases in expansion states than in non-

expansion states (Table 7). For example, among disabled individuals, enrollment 
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increased by nine percentage points to 35.8 percent, while enrollment increased by three 

percentage points for 20.2% in non-expansion states. 

Table 7 further shows that differences between enrollment in expansion and non-

expansion states existed for our sample even prior to 2014. That is, among the target 

population, in non-expansion states, 15.3 percent were enrolled in Medicaid before 2014, 

while in expansion states the corresponding enrollment level was 25.0 percent. This pre-

ACA difference was especially prominent among parents of young children. For this 

group, enrollment of expansion states we 30.6 percent while it was 17.4 in non-expansion 

states.  

Overall, between 2.3 and 2.5 percent of all sample individuals moved across 

states in a given year (Table 7). Moving rates are about thirty percent lower for 

individuals in each subsample. Further, the averages do not show an increase in moving 

rates for any of our samples after 2014.  

 

2.5. EMPIRICAL MODEL 

Our analysis proceeds in two steps. First, we measure changes in the liberality of a state’s 

Medicaid program by estimating the state’s propensity to enroll individuals in the ACA 

target population from the years prior to the enactment of the ACA to the years after. We 

do so holding demographic characteristics constant. Second, we employ the estimated 

changes in state Medicaid propensities to test our hypotheses regarding how individuals 

respond to new opportunities for benefits. 
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In the first step, we estimate two enrollment propensity measures for each state: 

one propensity before and one after ACA enactment. Our data set includes five survey 

years prior to, and five survey years of data after the ACA enactment. We estimate these 

propensities for three populations: the entire Medicaid expansion target population 

(individuals between 100 and 138 percent of the FPL), the subset of the target population 

with any disability, and the subset of the target population who are cohabitating with their 

own child below age 18. All three regression specifications exclude individuals who 

moved in the twelve months prior to the date the individual responded to the survey. We 

obtain these propensities by estimating the linear probability model 

𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑗𝑡 = 𝜶𝑺𝒕𝒂𝒕𝒆𝒋 + 𝜽(𝑺𝒕𝒂𝒕𝒆𝒋 ∗ 𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡) + 𝛄𝐂ijt + 𝜀𝑖𝑗𝑡 (1) 

 

where Medicaid takes a value of one if individual i in state j in year t is enrolled in 

Medicaid and zero otherwise. The variable 𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡 is an indicator that takes the value 

of one if the individual was surveyed in 2014 or later and zero otherwise; Statej includes 

indicators corresponding to the state residence of individual i. The vector 𝑪𝒊𝒋𝒕 includes 

control variables for gender, race categories, age categories, foreign born, English 

proficiency, whether the person was unemployed for the entire previous twelve months, 

and whether the individual holds a bachelor’s degree (Pezzin and Kasper 2002). We also 

control for being a parent to a cohabitating minor, except in the specification that 

analyzes the subpopulation of parents. We estimate equation (1) using the ACS survey 

weights and cluster standard errors by state.  

The vector α contains 45 coefficients indicating the propensity for enrollment for 

each included state pre-ACA after controlling for personal characteristics, and the vector 
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θ contains 45 coefficients indicating state-level changes in their propensities to enroll 

individuals into the Medicaid program after the ACA came into force, that is 2014 and 

subsequent years. States with higher propensity for Medicaid enrollment will have higher 

estimated values of �̂�𝑗 or 𝜃𝑗. We predict larger positive estimates of 𝜃𝑗  for states that 

expanded Medicaid. 

For each state, 𝜃𝑗 measures of the increase in that state’s average Medicaid 

enrollment after ACA implementation, that is the increase in the propensity to enroll 

individuals into Medicaid after 2014. Because this Medicaid enrollment growth variable, 

labeled EnrollIncreasej
29, measures enrollment, a function of both eligibility and 

application, it captures both the “generousness” of the program in allowing enrollment as 

well as any public or private efforts to encourage application by eligible individuals. This 

variable thus measures the increase in the expected Medicaid benefit in state j which is a 

measure for the change in the incentive individuals face with respect to moving across 

state lines in order to obtain Medicaid benefits.  

An alternative measure for the incentive to move across state lines to obtain 

Medicaid is whether a state legislature adopted Medicaid eligibility expansion. However, 

our proposed measure, EnrollIncreasej, has the advantage of measuring not only discrete 

eligibility changes but also actual enrollment increases because it measures to what 

degree each state in fact increased Medicaid enrollment. This inclusively captures state’s 

 
29 The variable is equivalent to the following measure of state enrollment increase: (State Enrollment 

Increase)j = P(Medicaid = 1 | C, PostACA = 1, 𝑺𝒕𝒂𝒕𝒆𝑗 = 1) − P(Medicaid = 1 | C, PostACA = 0, 𝑺𝒕𝒂𝒕𝒆𝑗 = 1) 

and is equivalent to �̂� plus a constant.  
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engagement levels with Medicaid’s “targeted enrollment strategies” or other enrollment 

initiatives toward those that are eligible but unenrolled. Further, our proposed measure 

accounts for any potential pre-ACA state enrollment differencesby measuring changes in 

enrollment across both pre- and post-ACA periods. Such pre-ACA differences may be 

due, for example, to liberality in pre-ACA state policies. A rough check of the validity of 

EnrollIncreasej as a measure of state-level Medicaid expansion we will analyze whether 

the EnrollIncreasej estimates are larger for expansion states than for non-expansion 

states. 

In the second step, we estimate the effect of a state’s Medicaid expansion 

(EnrollIncrease) on an individual’s decision to move across state lines. Conceptually, one 

can break down this decision into pull factors, that is the expected benefits to be received 

in the destination state, and into push factors, the expected benefits in the home state 

when not moving. To capture pull factors, we relate the decision to move to the expected 

benefits in the destination state of residence j (for those who did not move, their state of 

residence is unchanged) and estimate 

𝑀𝑜𝑣𝑒𝑑𝐼𝑛𝑖𝑗𝑡 = 𝐵1𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑗 ∗ 𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡 + 𝐵2𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑗 + 𝐵3𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡

+ 𝛄𝐂ijt + 𝝋𝑺𝒋𝒕 + 𝜹𝒀𝒆𝒂𝒓𝑡 + 𝜀𝑖𝑗𝑡 
(2) 

 

In equation (2) MovedIn is equal to one if the individual i living in state j in year t moved 

to state j in the past twelve months is equal to zero otherwise. We include the same vector 

of control variables, 𝐂ijt, as in equation (1), but add state-level economic variables 𝑺𝒋𝒕 

that may motivate moving. Standard errors are clustered at the state level. 
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Model (4) tests whether an individual has a higher probability to move to one of 

those states that have larger growth in Medicaid enrollment after the ACA 

implementation. The key estimate �̂�1 measures the impact of destination state enrollment 

changes on the decision to moving across state lines. The welfare magnetism hypothesis 

predicts that �̂�1 > 0 in destination states because higher benefits attraction in migration. 

We estimate equation (2) using three samples. One sample consists of all 

individuals in the target population, another of individuals with disabilities in the target 

population, and another of individuals with children in the target population. In separate 

specifications, we also estimate the models that substitute the EnrollIncreasej variable 

with a dummy expansion variable indicating whether a state is Medicaid expansion state.  

To estimate push factors in the decision to move, we relate the moving decision to 

the changes in Medicaid benefits in the state of origin s, and estimate 

𝑀𝑜𝑣𝑒𝑑𝑂𝑢𝑡𝑖𝑠𝑡 = 𝐵1𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 ∗ 𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡−1 + 𝐵2𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠

+ 𝐵3𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡−1 + +𝛄𝐂ist + 𝝋𝑺𝒋𝒕 + 𝜹𝒀𝒆𝒂𝒓𝑡 + 𝜀𝑖𝑠𝑡 
(3) 

 

where s represents the state of residence of individual i twelve months prior to t, and 

MovedOut measures whether the individual moved out of state s in the twelve months 

prior to survey year t. The estimate �̂�1 measures the impact of home state enrollment 

changes on the likelihood that an individual moves to another state. The welfare 

magnetism hypothesis predicts a negative �̂�1 indicating that states increasing enrollment 

have lower rates of out-migration. 

The ACS provides information as to where the individual resided twelve months 

prior to the survey collection in year t. Thus, in equation (2), in equation (3) where we 
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measure origin state characteristics, we consider survey years 2009 to 2014, reflecting 

state residency from 2008 to 2013, to be pre-ACA and thus the variable PostACAt equals 

0. We define survey years 2015 to 2018 as Post-ACAt equaling 1. 

To test the second hypothesis -- that the share of short-distance in-migrants will 

increase for states highly increasing Medicaid enrollment -- we limit our sample to only 

those individuals identified as moving across state lines and test whether their average 

moving distance decreased in those highly increasing enrollment states by estimating 

𝑀𝑜𝑣𝑖𝑛𝑔𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑠𝑡

= 𝐵1𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 ∗ 𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡 + 𝐵2𝐸𝑛𝑟𝑜𝑙𝑙𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑠 + 𝐵3𝑃𝑜𝑠𝑡𝐴𝐶𝐴𝑡

+ 𝛄𝐂ist + 𝝋𝑺𝒋𝒕 + 𝜹𝒀𝒆𝒂𝒓𝑡 + 𝜀𝑖𝑠𝑡 
(4) 

 

 where 𝑀𝑜𝑣𝑖𝑛𝑔𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑗𝑡 is the log number of miles moved across states, 

measured as the distance between the origin and destination Migration PUMA 

geographies, for individual i, in year t living in state s. Our model predicts that �̂�1is 

negative.30  

 

2.6. RESULTS 

 

 

 

 
30 Because the ACS does not follow the same panel of individuals over time, our data are only informative 
as to whether a person moved across state lines in a given year, but not whether a person eventually 
enrolled into the destination state’s Medicaid program after moving across state lines. 
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Figure 7. State enrollment expansion for the target population, from pre- to post-

ACA 
Note: Enrollment for late expansion states, indicated in white, is not measured. Late expansion states are 

those that implemented Medicaid expansion between January 1, 2015 and December 31, 2018 and are 

excluded from our empirical analysis. 

 

 

We report estimates from equation (1) in Appendix Table 18 and report the 

computed the predicted changes in state-level enrollment levels before and after 2014, 

based on these estimates, in Figure 7. Figure 7 shows changes in predicted enrollment for 

the entire sample. While Figure 7 has some similarities to Medicaid expansion status in 

Figure 5, Figure 7 shows that there are substantial differences in enrollment changes 

within the expansion regime states.31 

 

 

 
31 The change in predicted Medicaid enrollment differed by subpopulation, though was similar to the 
estimates for the entire target population. (Appendix Table 18). 
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Table 8. Does expansion status predict estimated changes in Medicaid enrollment? 

Dependent variable: State 

Medicaid Enrollment Change 

Medicaid 

Expansion Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

    

Expansion regime (1=expansion 

state, 0=non-expansion state) 
0.17*** (0.02) 0.13*** (0.02) 0.15*** (0.02) 

Constant 0.02*** (0.01) 0.03*** (0.01) 0.02* (0.01) 

Adjusted R2 0.66 0.40 0.49 

Observations 45 45 45 

Notes: The state average of the Medicaid Enrollment Expansion variable is 0.120 for the expansion target 

population, 0.099 for the disabled population, and 0.114 for the population of parents. Twenty-six states out 

of 45 (57.8%) are classified as expansion regime states. 

The correlation coefficient between the state-level Medicaid Enrollment Expansion variable and binary 

expansion regime variable is 0.81 for the expansion target population, 0.63 for the disabled population, and 

0.70 for the population of parents.  

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

 

 

To assess whether our computed measure provides meaningful differentiation 

within a regime, we measure the correlation between our calculated change in state 

Medicaid enrollment and expansion status. In this regression, the unit of observation is a 

state. Table 8 shows the estimation results for each of our samples. The estimated 

coefficient on expansion status is positive and statistically significant in the regression 

with changes in state Medicaid enrollment levels as the dependent variable. The 

estimated coefficients imply that expansion states increased Medicaid enrollment levels 

between 13 to 17 percentage points. However, the goodness of fit, where it is below 0.5, 

shows that not all expansion states should be treated as having equal ACA impacts, as 

they are differentiated in our regressions.  
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Table 9. Probability of Interstate Migration Pre- and Post-ACA 

Panel A. State in-migration – with no control variables 

Dependent variable: 

Moved into the state in 

the previous twelve 

months 

Medicaid 

Expansion Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

Equation (2) Estimates 

  (1) (2) (3) 

    

Post-ACA*State 

Medicaid Enrollment 

Change 

0.000 (0.004) 0.025** (0.011) 0.008 (0.005) 

State Medicaid 

Enrollment Change 
-0.008 (0.020) -0.025 (0.016) -0.010 (0.017) 

Year effects  Yes Yes Yes 

Control variables No No No 

Constant 0.025*** (0.002) 0.019*** (0.003) 0.018*** (0.002) 

    

Observations 582,558 83,641 249,456 

Dependent variable: 

Moved into the state in 

the previous twelve 

months 

Medicaid 

Expansion 

Population with 

Difficulty 

Moving 

Medicaid 

Expansion 

Population with 

Difficulty with 

Self-Care 

Medicaid 

Expansion 

Population with 

Other Disability 

Equation (2) Estimates 

 (4) (5) (6) 

    

Post-ACA*State 

Medicaid Enrollment 

Change 

0.026* (0.015) 0.043* (0.025) 0.027** (0.013) 

State Medicaid 

Enrollment Change 
-0.023 (0.017) -0.019 (0.022) -0.029 (0.018) 

Year effects  Yes Yes Yes 

Control variables No No No 

Constant 0.018*** (0.003) 0.017*** (0.003) 0.020*** (0.003) 

    

Observations 41,363 13,833 40,121 

 

 

 

Panel B. State in-migration - with control variables 

Dependent variable: 

Moved into the state in 

the previous twelve 

months 

Medicaid 

Expansion Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

Equation (2) Estimates 

 (1) (2) (3) 

    

Post-ACA*State 

Medicaid Enrollment 

Change 

0.007 (0.006) 0.029** (0.012) 0.017** (0.008) 
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State Medicaid 

Enrollment Change 
-0.006 (0.015) -0.023 (0.015) 0.002 (0.012) 

Year effects  Yes Yes Yes 

Individual characteristics 

variables 
Yes Yes Yes 

State economic variables Yes Yes Yes 

Constant 0.030*** (0.009) 0.030*** (0.009) 0.034*** (0.007) 

    

Observations 582,558 83,641 249,456 

Dependent variable: 

Moved into the state in 

the previous twelve 

months 

Medicaid 

Expansion 

Population with 

Difficulty 

Moving 

Medicaid 

Expansion 

Population with 

Difficulty with 

Self-Care 

Medicaid 

Expansion 

Population with 

Other Disability 

Equation (2) Estimates 

 (4) (5) (6) 

    

Post-ACA*State 

Medicaid Enrollment 

Change 

0.031* (0.018) 0.048* (0.027) 0.029** (0.013) 

State Medicaid 

Enrollment Change 
-0.021 (0.015) -0.016 (0.020) -0.026 (0.017) 

Year effects  Yes Yes Yes 

Individual characteristics 

variables 
Yes Yes Yes 

State economic variables Yes Yes Yes 

Constant 0.028*** (0.010) 0.025*** (0.012) 0.031*** (0.010) 

    

Observations 41,363 13,833 40,121 

 

 

 

Panel C. State in-migration – using expansion status instead of enrollment change, 

with control variables 

Dependent variable: Moved into 

the state in the previous twelve 

months 

Medicaid 

Expansion 

Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of 

Young Children 

Equation (2) Estimates 

 (1) (2) (3) 

    

Post-ACA*Expansion Regime 0.000 (0.001) 0.002 (0.002) 0.001 (0.002) 

Expansion Regime -0.003 (0.003) -0.004 (0.003) -0.003 (0.002) 

Year effects Yes Yes Yes 

Individual characteristics variables Yes Yes Yes 

State economic controls Yes Yes Yes 

Constant 0.025** (0.010) 0.025*** (0.008) 0.026*** 

(0.008) 

    

Observations 582,558 83,641 249,456 
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Panel D. State out-migration - with control variables32 

Dependent variable: Moved out of 

the state in the past twelve months 

Medicaid 

Expansion 

Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of 

Young Children 

Equation (3) Estimates 

 (1) (2) (3) 

    

Post-ACA*State Medicaid 

Enrollment Change 
0.007 (0.016) -0.013 (0.014) 0.005 (0.013) 

State Medicaid Enrollment Change 0.004 (0.047) 0.014 (0.035) 0.008 (0.032) 

Year effects Yes Yes Yes 

Individual characteristics variables Yes Yes Yes 

State economic controls Yes Yes Yes 

Constant 0.016 (0.032) 0.012 (0.024) 0.017 (0.023) 

    

Observations 582,558 83,641 249,456 

In panel A, B, and C we estimate equation (2), where the dependent variable equals one if the individual 

moved to the state in the twelve months prior to the survey month. In Panel D we estimate equation (3) 

where the dependent variable equals one if the individual moved from the state in the twelve months prior 

to the survey month. 

State Medicaid Enrollment Change represents a time-invariant increase in enrollment, as computed in 

equation (1), comparing pre-ACA to post-ACA enrollment. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

The control variables in Panels B, C, and D include individual characteristics - gender, nine race categories, 

age categories, foreign born status, English proficiency, whether the person was unemployed for the entire 

previous twelve months, and whether the individual holds a bachelor’s degree – as well as state 

unemployment rate and median household income. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. Standard errors are clustered at the state level in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

Table 9 presents our core results from equations (3) and (4) and variations thereof, 

showing changes in migration rates post-ACA. All disabled and parent specifications 

 
32 We specified a version of the out-migration model in Table 9D without controls and found that the 
difference in coefficient for Post-ACA*State Medicaid Enrollment Change, similar to the results shown 
here, was not statistically different than zero across all three populations.. We also specify a version of the 
out-migration model in Table 9D with the expansion status variable instead of enrollment change and find 
that the coefficient on Post-ACA*State Medicaid Enrollment Change, similar to the in-migration 
equivalent in Table 9C, was less than 0.002 across all three populations.  
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(columns 2, 4, 5, and 6) show positive coefficients on our primary variable of interest, 

enrollment change post-ACA, similarly before and after including controls (Panels A and 

B). The coefficients are at or near statistical significance at the 10 percent level. The 

disabled subgroups show especially strong expansion effects on moving. 

 The coefficients on state enrollment change post-ACA are interpreted in 

proportion to a one-unit increase in enrollment, or one hundred percent and are therefore 

easier to interpret when scaled. As such, Panel B shows that after including control 

variables, a ten percent increase in Medicaid enrollment corresponds to additional annual 

in-migration of 0.07 percent of a state’s Medicaid expansion target population, 0.29 

percent of the disabled subpopulation, and 0.17 percent of the parent subpopulation. The 

disabled population appeared to have the largest effect amongst the three main 

populations studied. Individuals needing help with self-care (column 5) were especially 

prone to drive the magnitude of these results, showing a 0.049 effect of expansion level 

on migration rates. 

As described in the methods, we separate the welfare magnetism effect into state-

level enrollment effects (Panel A and B), and policy regime effects (Panel C). Expansion 

status had little or no effect, consistent with our hypothesis that individuals are 

incentivized by new expected Medicaid enrollment benefits, not the policy ceteris 

parabus. Further, we modeled an alternative specification of equation (2) with control 

variables, replacing State Medicaid Enrollment Change with (State Medicaid Enrollment 

Change)*(Expansion Regime) in the level and interaction effect, which restricted the 

migration effect to only expansion states. This specification estimates the proportion of 
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the enrollment effect on migration attributable to expansion states by comparing the 

coefficients before and after restricting the interaction effect. Results showed that for our 

target population, disabled subpopulation, and parents subpopulation, the coefficient on 

the interaction term shrank from 0.007, 0.029, and 0.017 to 0.003, 0.020, and 0.011 

respectively. This moderate shrinking of coefficients of interest implies that most but not 

all the enrollment increase effect is from expansion states. Because Figure 6 demonstrates 

that non-expansion states increased enrollment to varying degrees, we consider the 

unrestricted equation (2) as shown in Table 9B to be more robust.  

Panel D shows no meaningful out-migration effect. Thus, welfare benefits may 

have a larger impact on the decision of a destination state and may not be a heavy 

influence on whether to move out of a state. 

Two falsification tests based on equation (3) amend select variables to test 

whether the enrollment change variable impacts non-hypothesized moving rates. First, we 

replace our dependent variable, which originally measured in migration from out of state, 

with a dependent variable measuring movement across Migration PUMA areas within the 

same state (Appendix Table 20). Second, we include individuals both within Medicaid’s 

target income range (100 to 138 percent of the FPL) and far outside it (300 percent or 

more of the FPL), and model a triple difference expanded from equation (2) with 

interactions with being in the target income group. Results show that using non-target 

individuals as a reference group changes the migration effect very little, and that those 

non-target individuals did not shift migration behavior post-ACA. Since both falsification 

models show no statistically significant results in the variables of interest, we rule out 



73 

 

other factors not related to expected Medicaid benefit as drivers for the increase in 

migration rates to highly increasing enrollment states. 

 To examine the timing of the in-migration effect found in Table 9, we duplicate 

equation (2) replacing PostACA with year dummies, including in the interaction term, and 

present results in Table 10. 

 

 

Table 10. Timing of increase in state in-migration to high-expansion states after 

ACA 

Dependent variable: Moved 

into the state in the past 

twelve months 

Medicaid 

Expansion 

Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of 

Young Children 

Equation (2) Estimates 

 (1) (2) (3) 

Partial list of model 

variables – yearly interaction 

effects 

   

Pre-ACA interactions    

State Medicaid Enrollment 

Change*2009 
Reference Reference Reference 

State Medicaid Enrollment 

Change*2010 
-0.001 (0.012) 0.021 (0.029) -0.004 (0.017) 

State Medicaid Enrollment 

Change*2011 
0.006 (0.011) 0.022 (0.023) -0.012 (0.013) 

State Medicaid Enrollment 

Change*2012 
0.009 (0.010) 0.007 (0.026) -0.001 (0.011) 

State Medicaid Enrollment 

Change*2013 
0.012 (0.009) 0.013 (0.024) 0.022* (0.013) 

Post-ACA interactions    

State Medicaid Enrollment 

Change*2014 
0.011 (0.012) 0.032 (0.025) 0.018 (0.014) 

State Medicaid Enrollment 

Change*2015 
-0.002 (0.014) 0.034 (0.022) 0.009 (0.012) 

State Medicaid Enrollment 

Change*2016 
0.005 (0.011) 0.008 (0.027) 0.010 (0.012) 

State Medicaid Enrollment 

Change*2017 
0.023** (0.011) 0.081* (0.043) 0.030* (0.015) 

State Medicaid Enrollment 

Change*2018 
0.024** (0.011) 0.054** (0.025) 0.015 (0.013) 

    

Observations 582,558 83,641 249,456 

Dependent variable: Moved 

into the state in the past 

twelve months 

Medicaid 

Expansion 

Target 

Medicaid 

Expansion 

Population with 

Medicaid 

Expansion 

Population of 
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Population Disability Parents of 

Young Children 

 Equation (2) Estimates 

 (4) (5) (6) 

Partial list of model 

variables – yearly interaction 

effects 

   

Pre-ACA interactions    

State Medicaid Enrollment 

Change*2009 
Reference Reference Reference 

State Medicaid Enrollment 

Change*2010 
0.034 (0.032) 0.115** (0.055) 0.004 (0.045) 

State Medicaid Enrollment 

Change*2011 
0.018 (0.029) 

0.099*** 

(0.034) 
0.024 (0.038) 

State Medicaid Enrollment 

Change*2012 
0.018 (0.032) 0.018 (0.043) 0.007 (0.033) 

State Medicaid Enrollment 

Change*2013 
0.038 (0.033) 0.106** (0.052) -0.013 (0.036) 

Post-ACA interactions    

State Medicaid Enrollment 

Change*2014 
0.025 (0.034) 0.122** (0.055) 0.046 (0.036) 

State Medicaid Enrollment 

Change*2015 
0.042 (0.036) 0.131** (0.052) 0.025 (0.033) 

State Medicaid Enrollment 

Change*2016 
0.064 (0.042) 0.077* (0.043) -0.036 (0.031) 

State Medicaid Enrollment 

Change*2017 
0.064* (0.035) 0.159** (0.059) 0.090 (0.057) 

State Medicaid Enrollment 

Change*2018 
0.067* (0.036) 0.084** (0.041) 0.043 (0.034) 

    

Observations 41,363 13,833 40,121 

The dependent variable equals one if the individual moved to the state in the twelve months prior to the 

survey month. 

State Medicaid Enrollment Change represents a time-invariant increase in enrollment, as computed in 

equation (1), comparing pre-ACA to post-ACA enrollment. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

The control variables include individual characteristics - gender, nine race categories, age categories, 

foreign born status, English proficiency, whether the person was unemployed for the entire previous twelve 

months, and whether the individual holds a bachelor’s degree – as well as state unemployment rate and 

median household income. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. Standard errors are clustered at the state level in parentheses. 

Difficulty moving, self- care, and other disability may not add up to the number of individuals with health 

issues because some individuals report multiple disabilities. 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

Table 10 shows that the state’s enrollment change tended to have the largest effects in 

later years, especially 2017 and 2018. In 2018, interactive effects of enrollment increases 
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are largest for the full target population. A joint test for statistical significance shows that 

the coefficient on the 2016, 2017, and 2018 interactions are statistically significant at or 

near the 90 percent confidence level for the overall target population (p<0.08), the 

disabled subpopulation (p<0.08) and the parents subpopulation (p<0.11). This late effect 

demonstrates that our hypothesized increase in migration does not necessarily apply to 

the first years of implementation but only later years. Model effects for small 

subpopulations (columns 4 - 6) tended to be variable across years but trended upward and 

were statistically significant at least at the 10 percent level in 2018 for both the difficulty 

moving and difficulty self-care subpopulations.  

 

 

Table 11. Aggregate Five-Year Impacts of Enrollment-Induced Moving, 2014 - 2018 

   

Annual In-migration Rate 

(2014 - 2018) 

Predicted Impact of 

Observed Enrollment 

Growth 

 Obs. 

Population 

Represented

* 

Counterfactual 

Rate without 

Enrollment 

Growth 

Model-

Predicted 

Observe

d Rate 

Annual 

In-

Migration 

Change 

Aggregate 

Number 

of 

Induced 

Moves 

(2014 - 

2018)* 

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

All Target Population 266,672 31,508,198 2.15% 2.23% 0.08% 26,199 

Expansion States 144,560 16,915,596 2.06% 2.19% 0.14% 22,924 

Non-Expansion States 122,112 14,592,602 2.26% 2.28% 0.02% 3,273 

Disabled Subpopulation 38,975 4,337,505 1.41% 1.73% 0.32% 14,014 

Expansion States 20,790 2,325,980 1.20% 1.70% 0.50% 11,606 

Non-Expansion States 18,185 2,011,525 1.64% 1.76% 0.12% 2,408 

Parents Subpopulation 113,280 13,561,543 1.36% 1.55% 0.19% 26,332 

Expansion States 61,498 7,299,363 1.18% 1.50% 0.31% 22,911 

Non-Expansion States 51,782 6,262,180 1.56% 1.62% 0.06% 3,639 

 

 

 

*Survey weights are used to weight in-migration rates and to scale aggregate number of induced moves.  
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Population represented in column (2) is the sum product of survey weights by the number of observations. Predictions 

in column (3) and (4) are generated by estimating MovedIn in the linear probability model equation (2). Column (4) 

represents model predictions for MovedIn in the original stated equation (2) and column (3) represents model 

predictions for MovedIn after setting the PostACA variable to zero.  

Column (5) is computed as the difference between columns (4) and (3). Column (6) is computed as the product of 

columns (2) and (5). 

Expansion states are states that implemented Medicaid expansion by December 31, 2014. Late expansion are states that 

implemented Medicaid expansion between January 1, 2015 and December 31, 2018 are excluded from our empirical 

analysis. Non-expansion states are states that did not expand Medicaid by December 31, 2018. 

The population with disabilities is defined as all individuals that self-report any disability. The population of parents of 

young children is defined as all individuals cohabitating with their own child below age 18. 

 

 

In Table 11, to estimate total five-year impacts of Medicaid enrollment increases 

on migration, we use the model in equation (2) with control variables to predict migration 

propensity in the population of individuals surveyed 2014 to 2018. We make two 

predictions of migration propensity. The first prediction uses the regression model, 

setting Post-ACA*State Medicaid Enrollment Change equal to zero, to calculate the 

migration propensity if enrollment levels had stayed at pre-ACA level. The second 

prediction uses the regression model with observed values of State Medicaid Enrollment 

Change post-ACA to calculate each individual’s observed migration propensity. Table 11 

uses these values as applied to the target population or subpopulation to calculate the 

number of moves that were related to enrollment expansion. The number of induced 

moves for non-expansion states is small because enrollment growth in those states were 

small, while moves in non-expansion states neared 23,000 over the 5-year period. The 

disabled population’s movement to expansion states shows the largest increase in 

movement rates, 0.50 percentage points or an over 40 percent increase in moving rates.  

 We next test the hypothesis that Medicaid-motivated interstate moves influence 

short-distance moves more than long-distance moves by correlating moving distance with 

enrollment change post-ACA. 
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Table 12. Relationship between Enrollment Increases and with Moving Distance 

Dependent variable: 

Moving distance (log miles) 

Medicaid 

Expansion 

Target 

Population 

Medicaid 

Expansion 

Population 

with Disability 

Medicaid 

Expansion 

Population of 

Parents of 

Young 

Children 

Equation (4) Estimates 

 (1) (2) (3) 

    
Post-ACA*State Medicaid 

Enrollment Change 
-0.68** (0.34) -0.21 (0.59) -1.32*** (0.42) 

State Medicaid Enrollment Change 0.72 (0.93) 0.29 (0.79) 0.55 (0.68) 

Year effects Yes Yes Yes 
Individual characteristics variables Yes Yes Yes 
State economic controls Yes Yes Yes 
Constant 5.76*** (0.75) 5.72*** (0.72) 5.65*** (0.72) 

    

Observations 13,134 1,427 3,994 
The dependent variable equals one if the individual moved to the state in the twelve months prior to the 

survey month. 

State Medicaid Enrollment Change represents a time-invariant increase in enrollment, as computed in 

equation (1), comparing pre-ACA to post-ACA enrollment. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

The control variables include individual characteristics - gender, nine race categories, age categories, 

foreign born status, English proficiency, whether the person was unemployed for the entire previous twelve 

months, and whether the individual holds a bachelor’s degree – as well as state unemployment rate and 

median household income. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. Standard errors are clustered at the state level in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

The average distance of an interstate move to highly-increasing enrollment states 

decreased for all subpopulations after the ACA (Table 12), statistically significantly so 

for the larger samples of the target population (column 1) and parents (column 3). For an 

example 10 percent increase in Medicaid enrollment, the average move distance 

decreased approximately 6.8 percent for the all-target population, and 13.2 percent for 
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parents of young children. These results confirm that not only did in-migration rates 

change frequency as previously shown, but migration characteristics also shifted as 

hypothesized based on the relative benefit change of new Medicaid benefits. The 

disability subpopulation had a nearly zero relationship with expansion post-ACA amidst 

a small sample size of 1,427. Note that the disability subpopulations are excluded from 

analysis here because of the small sample size of movers-only within those groups, which 

were as low as 180 observations.  

 

2.7. CONCLUSION 

This paper presents evidence of the effect of the ACA’s Medicaid expansion on 

migration by showing that individuals with disabilities and with young children targeted 

by Medicaid expansion increased movement to states with highly increasing enrollment 

rates. Not only was the amount of the state’s new enrollment correlated predictive of the 

frequency of moves, but it also negatively correlated with the average distance of those 

moves. Both findings are consistent with hypothesis that new Medicaid benefits motivate 

high healthcare consumers in the target income range to move to areas with higher 

probability of enrollment. The prediction was further strengthened by the finding that the 

post-ACA shift toward higher Medicaid enrollment benefit was not inclusive of intrastate 

moves or non-target populations.  

 Disabled individuals appeared to be especially responsive to new Medicaid 

enrollment. Not only did their in-migration rates increase to states with high enrollment 



79 

 

increases, as the parents subpopulation did, but also showed lower out-migration rates 

from those same states, unlike the parents subpopulation. 

 The magnitude of the estimated migration effect shows that welfare magnetism 

from Medicaid expansion may have increased the target population’s moving rates into 

highly-expanding states by up to 40 percent. However, because interstate movers 

comprise a small portion of the overall population, the magnetism effect on a state’s 

Medicaid program is not expected to exceed one percent of the target population per year. 

 Together, the results point out the weakness of null findings in previous studies 

that fail to differentiate important characteristics influencing welfare magnetism. Our 

results similarly find that for all population averaged across all years and all expansion 

states, Medicaid enrollment has only a modest effect on migration rates. However, certain 

categories of eligibility were consistently responsive to changes in enrollment, with 

increases in migration that ramped up several years into implementation. These effects 

are not universally large across all expansion states – states with greater increases in 

enrollment had migration effects modeled to be several times larger than individuals in 

states with little or no increases in enrollment. 

Our study is limited by several features of our source data. The variable in our 

study data for Medicaid status captures both Medicaid and other means-tested insurance 

coverage and might not match administrative records for Medicaid enrollment. This 

discrepancy may inadvertently include in our measurement the effect of any other 

programs similar to Medicaid. It also may undercount Medicaid enrollment for 

individuals not reporting enrollment to the ACS, a survey error which research on the 
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ACS data source has shown increased after Medicaid expansion (Boudreaux, et al. 2019). 

Another limitation to our study is that the definition of self-reported disability from our 

data source may not match Medicaid’s definition of disability. Future research may focus 

on whether reporting of disability changed post-ACA for individuals seeking eligibility.  

These results imply that welfare magnetism may affect interstate migration where 

benefits are potentially large but not otherwise. Interstate welfare magnetism has 

implications for both projecting Medicaid spending, which may be at risk for under-

counting enrollment (Blase and Yelowitz 2019), as well as counting benefits to enrollees, 

who may have incurred moving costs to accrue the benefit. The effect found in this study, 

however, were localized to certain population characteristics and states, implying that 

high-need individuals in certain states may be more highly impacted by welfare 

magnetism and most prone to being undercounted in projected government expenditures. 
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CHAPTER 3 HOSPITAL ENTRY IMPROVES QUALITY: EVIDENCE FROM 

COMMON MEDICAL CONDITIONS 

3.1. INTRODUCTION 

The conventional wisdom of health care exceptionalism has long claimed that 

unique features in health care prevent this industry from operating as competitively as 

other industries, and that in the health care industry, limited access to information 

(Whaley, et al. 2014) and misaligned incentives (Skinner 2012) lead to patients 

evaluating services based on auxiliary factors (Goldman and Romley 2008). However, 

growing evidence challenges this reasoning by showing that higher-quality hospitals 

attract more patients, relative to their lower-quality competitors (Chandra, et al. 2016). 

Other evidence shows that hospital competition for market share improves quality of 

services by lowering heart attack mortality rates (Kessler and McClellan 1999), and that 

hospital quality is higher in competitive hospital services areas (Robinson and Luft 1985, 

Abraham, Gaynor and Vogt 2007).  While recent evidence has uncovered competition in 

health care around quality of care, the finding has not yet been applied to how this 

competition affects hospital entry and the response to entry by patients and competitor 

hospitals. 

For a large portion of health care services, especially those covered by Medicaid 

and Medicare, the prices hospitals are allowed to charge is restricted, preventing 

competition on prices for those patients. Some evidence has shown that restrictions to 

prices may increase competition for qualitative factors such as quality (Pope 1989). This 

reasoning is consistent with other work that applies Schumpeter’s model to health care 
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institutions, theorizing that hospitals have distinct incentives to improve quality (Djellal 

and Gallouj 2007). 

Entry in hospital markets is uncommon, in part due to restrictions on entry such as 

certificate of need laws, often premised on the ideas of health care exceptionalism, which 

claim that new entry is harmful due to duplication of services that drive up costs. New 

findings from the literature on the existence of competition on quality in health care 

support to an alternative interpretation of the effects of hospital entry: that new 

competition adds additional options for patients to receive care, potentially resulting in 

reduced travel times for patients nearest to the new entrant, or better-quality care. 

Especially for emergent services, patients are typically deciding not whether to consume 

care but rather which hospital to receive care. 

Quality measurement gained new importance after the advent of pay-for-

performance, a model where hospitals are paid based not just on quantity of services but 

also on whether the care achieved a desired patient outcome. Amid increased financial 

incentives under pay-for-performance, measure developers have increased the precision 

and sophistication of quality measurement across hospitals with the development of 

statistical models designed to fairly compare hospitals (Krumholz, et al. 2006). Mortality 

measures were central to the first iteration of such pay-for-performance models: the ACA 

implemented the Value-Based Purchasing program in 2013, using measures of patient 

mortality to determine hospital performance after careful adjustment for clinical and 

other patient factors. Because the risk adjustment enables national hospital comparisons, 
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these new measures provide opportunities to test predictions about hospital quality levels 

and changes therein. 

This paper expands the critique of health care exceptionalism in the hospital 

industry by investigating the hospital decision to enter a market, how that decision affects 

patient choice, and whether neighboring hospitals change quality improvement 

investment after nearby entry. We use patient mortality measures for patients with 

common medical conditions (heart attack, heart failure, and pneumonia) to estimate 

hospital quality for both entrants and incumbents. We find that patient mortality at entrant 

hospitals tends to be lower than mortality at nearby incumbent hospitals. Further, 

mortality rates at entrant hospitals correlate with the mortality rate at incumbent hospitals 

within the same market. Finally, we present evidence that hospital investment in quality 

improvement by incumbent hospitals may increase for some conditions at the time of 

nearby hospital entry. 

 

3.2. THEORETICAL FRAMEWORK 

Our theoretical model draws from microeconomic theory on consumer choice and 

on firm profit maximization. Below, we formulate predictions about a patient’s choice of 

hospital, a hospital’s choice to enter a market, and a hospital’s decision to invest in 

quality improvement.  

 

Hypothesis 1: The number of cases at incumbent hospitals falls after hospital entry 

nearby. 
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The decision of which hospital at which to obtain care, whether made by the patient, a 

caretaker, or local emergency services, optimizes expected quality of care among other 

factors. We assume that the patient’s demand for care is nearly or fully inelastic for 

emergent services33 so that care at one hospital substitutes for care at another hospital. 

Because patients seek emergency care within a narrow geographic region, the substitution 

effect typically occurs across hospitals that are close in geography and in services. Based 

on this assumption, the opening of a new hospital will tend to reallocate patients from 

nearby incumbent hospitals. That is, if a new hospital opens, patients recalculate their 

optimal decisions to determine whether to visit the new hospital or visit a nearby 

incumbent hospital. For patients for whom the new hospital is the best option, given 

travel distance, quality of care, and other factors, they improve their well-being by 

changing their decision from an incumbent hospital. The accrual of a larger market share 

by new hospitals represents a larger proportion reallocation of patients from other 

hospitals and therefore leads to the prediction of a larger impact on nearby hospitals.  

 We test Hypothesis 1 using hospital case counts for heart attack, known as acute 

myocardial infarction (AMI), heart failure (HF), and pneumonia (PN) for Medicare fee-

for-services (FFS) patients. We estimate whether an incumbent’s number of cases for 

these three common conditions decrease after a new hospital enters nearby, as compared 

to their number of cases in prior years.  

 
33 Elasticity of demand for emergency services has been estimated to be -0.04 (Ellis, Martins and Zhu 

2017). 
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The following two hypotheses (2 and 3) related to the quality level of entrant 

hospitals, relative to incumbent hospitals, draws from the patient choice theory outlined 

above. Since patients prefer higher-quality care, higher-quality opening hospitals are 

more prone to attract more patients. The patient decision affects a hospital’s decision to 

enter a market and subsequent locational decision, based on the hospital’s potential to 

achieve profits. We assume expected profit is a necessary condition for entry, such that 

entry requires that expected revenues exceed costs. As detailed above, a hospital’s 

number of patients, which determines revenue and profit, is decided partly by a hospital’s 

own quality and by the quality at their competitor hospitals, since patients prefer high 

quality, ceteris parabus. As such, a potential entrant is more likely to achieve the 

expected profit threshold when their quality rates are higher than competitors. 

Geographic areas in which potential entrants decide whether to compete vary by 

the level and density of existing competition, as well as in the average quality of current 

incumbent hospitals. Thus, market-specific factors determine threshold under which entry 

would be profitable, and these thresholds effectively filter out ineligible potential 

entrants. The following Hypothesis 2 and 3 explains how we hypothesize and test that 

entrants make decisions about whether to enter to meet this threshold. 

 

Hypothesis 2: Average patient mortality rates at entrant hospitals are lower than rates 

at nearby incumbent hospitals. 

The first implication of the entrant self-selection effect is captured in Hypothesis 

2, which predicts that new hospitals will have, on average, higher quality than nearby 
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incumbents. Potential entrants not able to profitably provide better quality care may opt 

not to enter the market. This prediction is consistent Schumpeter’s seminal work on 

creative destruction and restructuring) which theorizes that to succeed, new firms must 

provide a product that is improved from the one offered by incumbent firms (Schumpeter 

1942). 

This finding may lead to allocative effects of quality across markets with new 

entry, analogous to findings from aggregate productivity growth theory (Foster, 

Haltiwanger and Krizan 2001) and subsequent research (Bartelsman, Haltiwanger and 

Scarpetta 2013). That theory frames changes in industry-level productivity as partially 

deriving firm exit and entry, since entering and exiting firms differ in productivity from 

industry averages. As such, we examine industry-wide allocative effects of any 

differential between new and incumbent hospitals in quality. If this effect is present, then 

hospitals in highly competitive areas, where much entry has occurred over time, will have 

higher levels of quality than hospitals that have faced less entry over time. We expect that 

the quality advantage may be magnified where hospitals are prevented from competing 

on prices, such as for Medicare and Medicaid patients.  

Because Chandra, et. al. find that AMI services have fewer hospital providers, 

fewer providers per market, and shrinking number of cases, we expect that new hospitals 

to have a smaller quality advantage in AMI relative to HF and PN. Because some 

investments in quality improvement result in permanent effects on quality, we do not 

hypothesize symmetric effects for closing hospitals. 
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Hypothesis 3: Hospital entrants near low-mortality incumbents have lower patient 

mortality rates than entrants near high-mortality incumbents. 

If entrants self-select based on the quality of their potential competitors, the 

presence of high-quality incumbent hospitals will heighten the quality threshold for entry 

self-selection. With higher self-selection bias in entry into markets with higher-quality 

incumbents, we predict in Hypothesis 3 that quality at entrant hospitals correlate 

positively with quality at nearby incumbent hospitals. That is, the quality rate conditions 

under which entrants can earn profit are more stringent when the new hospital location is 

near high-quality incumbent hospitals. 

If this hypothesis is true, it may also be evidence of homogeneity of patient choice 

within a geographic market: entrants serving the same patients preferring high quality as 

incumbent hospitals currently serve must meet the same high quality standards as 

incumbent hospitals meet in order to make profit. Hypothesis 2 and 3 together imply that 

quality rates at entrant hospitals tend to lead those rates at entrant hospitals by a similar 

margin across markets. 

 

Hypothesis 4: The patient mortality rate of an incumbent hospital improves in the 

presence of entry from a nearby hospital, relative to incumbent hospitals not near 

entrants. 

Hospitals, both incumbent and entrant, optimize the quality of care they deliver 

through decisions about how much to invest in quality improvement. Quality 

improvement both increases revenue through higher patient demand and also incurs costs 
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from higher investment. Profit-maximizing hospitals invest in quality until the marginal 

revenue from new patients equals marginal costs of quality improvement. We infer from 

these assumptions that the revenue of a hospital is negatively affected by the quality level 

of a competitor hospital. The following formula illustrates an example revenue function: 

𝑅𝑖 = 𝑎 + 𝑏(𝑄𝑖 − 𝑄𝑐) − 𝑐(𝑄𝑖 − 𝑄𝑐)2 

Where 𝑅𝑖 is revenue at hospital i, 𝑄𝑖 is a hospital’s own quality level, 𝑄𝑐 is a 

competitor’s quality level, and a, b, and c are positive constants under diminishing 

marginal returns to quality improvement. Thus, the marginal effect of quality on revenue 

depends on the quality rate at competitor hospitals: 

𝑑𝑅𝑖

𝑑𝑄𝑖
= 𝑏 + 2𝑐(𝑄𝑐 − 𝑄𝑖) 

Thus, given the positive coefficient on 𝑄𝑐, if a competitor’s quality improves or a 

new competitor enters the market, marginal revenue from the hospital’s own quality 

increases. As a hospital reoptimizes its quality improvement decision with new 

information, we predict hospital investment also increases per Hypothesis 4. This 

prediction is consistent with empirical findings on firm productivity and innovation after 

entry across industries (Aghion, et al. 2009). 

Together, these four hypotheses extend the finding by Chandra et al (2016) by 

examining not only re-allocation among existing hospitals but by focusing on entry and 

its effects on demand for services, industry quality, and investment in quality 

improvement. 

 

3.3. DATA 
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3.3.1. Data Source 

We obtained hospital-level mortality rate data from Medicare’s Hospital Compare 

database. These mortality data are based on Medicare claims submitted by 3,000 acute 

care general service hospitals, which comprise the vast majority of US general service 

hospitals, fulfilling requirements as described in the Medicare Modernization Act 

(MMA). Each year Hospital Compare publishes mortality data for a three-year 

measurement period, where the first full release of data corresponds to mortality of 

patients, listed by condition type, discharging between July 1, 2005 to June 30, 2008, and 

each subsequent annual release advances by one year. Our data set includes twelve 

periods of data with the most recent period including discharges from July 1, 2016 to 

June 30, 2019. The Hospital Compare data publish number of cases but not publish 

mortality rates for hospitals with fewer than 25 cases of a given condition in the three-

year measurement period. By using three-year measurement periods and a cutoff of 25 

cases we follow the methodology CMS who uses for these metrics for public reporting 

and for adjusting hospital payment, which sets a minimum threshold for reliability of 

mortality measures. These measures are the same ones used to adjust Medicare payment 

to hospitals in pay-for-performance programs (QualityNet 2020). 

 

3.3.2. Patient Outcomes 

The risk-adjusted mortality rates used in this study correspond to the percent (from zero 

to 100 percent) of patients that die during the 30 days after admission for inpatient 

hospital stay for AMI, HF, or PN. Deaths during the inpatient stay are excluded from this 
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measure. Only Medicare fee-for-service (FFS) patients over the age of 65 are included in 

the measurement. 

Instead of using raw mortality rates, this study uses mortality rates that CMS 

carefully risk adjusts for patient characteristics, comorbidities, and previous medical 

histories in order to allow cross-hospital comparisons (Centers for Medicare and 

Medicaid Services (CMS) 2018). The risk-adjustment methodologies have undergone 

rigorous statistical and clinical analyses, independent review, and endorsement by the 

National Quality Forum (Centers for Medicare and Medicaid Services 2007), stakeholder 

input, and have been subject to regular updates. CMS uses a hierarchical generalized 

linear model to estimate mortality rates, taking into account not only patient risk factors, 

but also hospital-specific effects. The differences in standardized rates across hospitals 

are intended to represent the differential impact that a hospital has on the likelihood of 

patient death (Centers for Medicare and Medicaid Services 2007). The aim of risk-

adjustment is to facilitate cross-hospital comparisons by consumers of hospital medical 

services, so that they can “directly compare performance measure information” across 

hospitals and over time (Centers for Medicare and Medicaid Services 2016). Thus, if a 

hospital has a standardized rate that is one point higher than the national mean, this 

indicates that that the medical care provided in that hospital provides results in one 

additional death per 100 patients relative to the national mean.  

Researchers have raised concerns about the completeness of this risk-adjustment 

methodology, such as unobservable patient characteristics (Laudicella, Donni and Smith 

2013), the lack of adjustment for socioeconomic factors (Joynt, Orav and Jha 2011), 



91 

 

regression to the mean (Press, et al. 2013), and different coding practices across hospitals 

may lead to measurement error in the risk adjustment (Woolhandler, Ariely and 

Himmelstein 2012). To account for these possible deficiencies, our analysis controls for 

the percent of hospital patients that are dually eligible, as well as the number of beds per 

hospital, and hospital ownership status.34 The source of these three measures is the 

Provider of Services (POS) data and Provider-Specific Files (PSF) from CMS. Certificate 

of need status is based on the hospital’s state location (American Health Planning 

Association, 2013). 

We use mortality rates for three conditions, consisting of deaths within 30 days of 

an inpatient admission when the individual was diagnosed with either AMI, HF, or PN. 

We choose these three conditions because they are some of the most commonly occurring 

conditions, together comprising approximately 820,000 cases per year (Table 13).35 

Additionally, CMS considers these three measures as “core” outcomes.36 This is, in part, 

due to the fact that a patient’s death is difficult to manipulate in the data reported by the 

hospital. An addition reason to focus on AMI, HF and PN is that the focus on these 

conditions provides us with the longest panel since they were reported earliest. Hospitals 

 
34 Percent of patients dually eligible is used as a proxy for patient low socioeconomic status, also referred 
to as dual eligibility status (Disproportionate Share Hospital Patient Percentage or DPP). The latter 
variable is defined as the percent of a hospital’s patients that are eligible for either Medicaid or 
Supplemental Security Income (SSI). 
35 Further, we choose to analyze three different conditions instead of only one condition, because 
although they share characteristics of being medical, non-surgical acute care, AMI services have fewer 
hospital providers, fewer providers per market, and shrinking number of cases (Chandra, et al. 2016). 
36 According to CMS, “AMI, HF, and pneumonia …are common conditions with substantial mortality and 
morbidity... These conditions impose a substantial burden on patients and the healthcare system and 
there is marked variation in outcomes by institution.” 
http://www.ihatoday.org/uploadDocs/1/cmsreadmissionfaqs.pdf  

http://www.ihatoday.org/uploadDocs/1/cmsreadmissionfaqs.pdf
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that were not considered short-term general service hospitals as identified by their 

presence in the PSF data, such as Critical Access Hospitals, were excluded throughout 

because of inconsistent reporting of mortality data through our data timeframe, because 

their share of AMI, HF, and PN cases is very small, and because these hospitals are 

typically not considered competing hospitals. Specialty-only hospitals, identified by 

having zero AMI, HF, and PN cases throughout the timeframe, were excluded. Maryland 

hospitals, the single state that does not use CMS’s pay-for-performance measures for 

payment, and whose data was suppressed in one period of our timeframe, are included 

when identifying proximity but excluded from all subsequent analysis. 

 

3.3.3. Market Entry Variables 
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Figure 8. Location of new hospitals and nearby incumbent hospitals, July 2005 to June 

2019 

 

 

A hospital’s entry date is defined as the month of opening, per the POS data.37 We 

define entry as occurring when a hospital is within three years of newly opening. Since 

CMS aggregates mortality data released in each year over a period consisting of three 

years, we define our entry indicator for hospitals that open midway through this three-

 
37 Hospitals that either merged into a second provider or closed and re-opened under a different provider 
number were not classified as new hospitals. To identify such cases, we used the Dartmouth Atlas of Care 
database for new, closed, and merged hospitals, linking the new and old provider’s quality rates to the 
same hospital identifier. 
For instances where two providers merge into one provider identifier, we treat both providers as one 
hospital by combining their data into a single entity for all pre-merge periods. When combining, mortality 
rates are weighted according to the number of cases for the condition at each hospital, and other hospital 
characteristic data is weighted according to the number of beds. This method was applied only to 
hospital-level mergers and not system-level mergers. 
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year span as the fraction of the three-year span that the hospital is considered an entrant. 

Thus, the values of our entry variable is between 0 and 1 and thus measures the 

proportion of the three year the hospital was an entrant and exit. In our data, we define a 

hospital as nearby an entrant for a specific condition when that hospital is both within 

three years of entry and also located within 15 miles of the opening hospital’s address. To 

pinpoint a hospital’s location and calculate distances between hospitals, we used latitude 

and longitude information from Hospital Compare where available. For about 10% of 

hospitals in the dataset without published latitude and longitude information, we 

geocoded each hospital’s street address from the POS data. 

As shown in Figure 8, entry is widely geographically distributed and occurred 

across both rural and urban areas and represented 41 states. The 15-mile radius regions 

show that while some entrants are not near any other incumbent hospitals, many entrants 

are near multiple incumbent and even entrant hospitals. Further, some incumbent 

hospitals are near multiple entrants over the timeframe. 

Additional control variables, which we use for robustness tests and to rule out 

some alternative interpretations of our findings include overall hospital patient margin, 

and staffing levels, measured as the number of full-time equivalent (FTE) staff per 100 

patient days. Both of these variables are derived from Medicare cost reports from the 

Healthcare Cost Report Information System (HCRIS). Because of extreme outliers that 

may represent an anomalous year for the hospital, or an error, we winsorized both of 

these latter measures to the 1st and 99th percentiles. We measure control variables in the 

year representing the midpoint of the three-year mortality reporting period.  
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3.4. EMPIRICAL METHODS 

To test our first prediction that the number of AMI, HF, and PN cases at incumbent 

hospitals falls after hospital entry nearby, we calculate the period-over-period change in 

the log number of cases for each condition in the following model: 

(1) 

𝐿𝑜𝑔(𝑁𝑢𝑚𝑏𝑒𝑟𝐶𝑎𝑠𝑒𝑠)𝑖𝑗𝑡 − 𝐿𝑜𝑔(𝑁𝑢𝑚𝑏𝑒𝑟𝐶𝑎𝑠𝑒𝑠)𝑖𝑗𝑡−1 = 

𝛼 + 𝛽1𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑆ℎ𝑎𝑟𝑒𝑁𝑒𝑎𝑟𝑏𝑦𝐸𝑛𝑡𝑟𝑎𝑛𝑡𝑠𝑖𝑗𝑡 + 𝜸𝑿𝒊𝑡 + 𝜏𝑡 + 𝜀𝑖𝑗𝑡 

where the dependent variable is the change from period t-1 to t in the log number of 

inpatient cases at hospital i for condition j on which our mortality rates are measured. 

Here and in all subsequent models, we estimate separate regressions for each condition 

AMI, HF, and PN. The variable 𝑿𝒊𝑡 is a vector of control variables representing the 

period-over-period change in dual proportion, change in case mix index, change in 

managed care proportion, change in FTEs per 100 patient days, and change in patient 

margin. Time period effects are captured by 𝜏𝑡. 

The variable of interest 𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑆ℎ𝑎𝑟𝑒𝑁𝑒𝑎𝑟𝑏𝑦𝐸𝑛𝑡𝑟𝑎𝑛𝑡𝑠𝑖𝑗𝑡 represents the 

increase in the number of cases compared to the previous period summed across all 

hospitals considered new at any point in period t and located within 15 miles of hospital i. 

That is, the variable is computed as the following 

𝑁𝑒𝑤𝑀𝑎𝑟𝑘𝑒𝑡𝑆ℎ𝑎𝑟𝑒𝑁𝑒𝑎𝑟𝑏𝑦𝐸𝑛𝑡𝑟𝑎𝑛𝑡𝑠𝑖𝑗𝑡 =
∑ (𝑁𝑢𝑚𝑏𝑒𝑟𝐶𝑎𝑠𝑒𝑠)𝑘𝑗𝑡 − (𝑁𝑢𝑚𝑏𝑒𝑟𝐶𝑎𝑠𝑒𝑠)𝑘𝑗𝑡−1

𝑛
𝑘=1

∑ (𝑁𝑢𝑚𝑏𝑒𝑟𝐶𝑎𝑠𝑒𝑠)𝑚𝑗𝑡
𝑥
𝑚=1

 

where k represents the set of new hospitals that are within 15 miles of hospital i and m 

represents the set of all hospitals that are within 15 miles of hospital i including new 

hospitals, incumbent hospitals, and hospital i itself. The measure of new hospitals’ cases 
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is a market share variable rather than a log number of cases because hospitals may have 

multiple nearby new entrants whose effect may compound. The variable already accounts 

for market size and density in the denominator. If entrants reallocate patients from nearby 

incumbent hospitals proportional to their market share, 𝛽1 will be negative. 

 The main goal of Model 1 is not only to confirm Hypothesis 1 that entrants reduce 

the number of cases at nearby hospitals, but also rules out two alternative hypotheses that 

are inconsistent with our empirical approach. First, it rules out the possibility that new 

hospitals, rather than compete with existing hospitals, instead create their own demand, 

such as Roemer’s law stating that hospitals ensure that their beds are filled (Shain & 

Roemer, 1959). Second, it rules out the possibility that our 15-mile radius delineation 

competition is too narrow or too wide. If a rise in the cases at entrants do not have a net 

effect on hospitals within a 15 mile radius, then 𝛽1 will be negligible or zero. 

To ensure comparability in Model 1, only hospital and periods that meet both of 

the following condition are included in set i: (1) the hospital must not have any portion of 

period t in which the hospital was considered new, and (2) the hospital must be one that is 

identified as being nearby a new hospital during at least one period during the twelve-

period data timeframe. Thus, new hospitals and hospitals that are never near new 

hospitals are excluded. Standard errors are clustered at the hospital level.  

The dependent variable in Model 1 is measured using a first-difference approach 

so that we can measure dynamic changes over time.  Because equation (2) estimates the 

response of incumbents to entrants, this regression model does not include as a unit of 

observation entering hospitals or hospitals that are newly starting services. Because bed 
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count measures hospital size and is therefore mechanically closely related to our 

dependent variable in equation (2), we do not include bed count in this model.  We also 

do not include hospital level variables that are not expected to change over time: hospital 

teaching status, profit status, and CON state location. To account for shrinking fee for 

service (FFS) market size between period 1 and 12, equation (1) includes county-level 

managed care (Medicare Advantage) penetration as a control variable. 

To test hypothesis 2 that hospital entrants provide better quality care than existing 

hospitals, we compare rates at entrant and incumbent hospitals by regress entry against 

the dependent variable patient mortality for AMI, HF, and PN in the following model: 

(2) 

𝑹𝒊𝒔𝒌𝑨𝒅𝒋𝒖𝒔𝒕𝒆𝒅𝑴𝒐𝒓𝒕𝒂𝒍𝒊𝒕𝒚𝒊𝑗𝑡 = 

𝛼 + 𝛽1(𝐸𝑛𝑡𝑟𝑎𝑛𝑡: 𝑁𝑒𝑤 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙)𝑖𝑗𝑡 +  𝜸𝑿𝒊𝒕 + 𝜏𝑡 + 𝜀𝑖𝑗𝑡 

where Entrant indicates the proportion of period t where hospital i was within three years 

of opening, from 0 to 1, where 1 designates fully new, using non-new hospitals as a 

reference group. In periods prior to when a hospital opens or periods after a hospital 

closes, the hospital is omitted from the data set by construction, since hospitals not 

providing condition j do not have a quality rating in that domain. We include hospital-

level variables 𝑿𝒊𝒕 which do not vary across conditions: dual proportion, ownership 

indicators, bed count, teaching status, and certificate of need status. The coefficient 𝛽1 

measures whether patients at entrant hospitals have lower risk-adjusted mortality rates 

than incumbents after controlling for hospital characteristics and is predicted to be 

negative. 
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To test whether entrants also have lower mortality than hospitals not only with the 

same characteristics but also in the same market with the same number of nearby 

hospitals, we run an additional specification of equation (2) including both hospital 

market, or hospital referral region (HRR) effects (Dartmouth Atlas Project 2019), as well 

as a vector for the range of nearby hospitals, 𝑵𝒆𝒊𝒈𝒉𝒃𝒐𝒓𝒔𝑖𝑗𝑡. This vector includes a set of 

indicator variable, measuring whether a hospital has either zero neighbors, one to two 

neighbors, three to five neighbors, six to ten neighbors, or eleven or more neighbors. 

Model 2 also limits the observations to those that are either new or near new hospitals, to 

compare only those groups.  

Since lower values of our mortality measure represent better quality, our model 

predicts that 𝛽1 will be negative. We further predict that more neighbors, which are a 

measure of competition, are associated with lower mortality.  

To test hypothesis 3 that new entrants near high-quality incumbents are higher 

quality than new entrants near low-quality incumbents, we retain the dependent variable 

and hospital controls 𝑿𝒊𝒕  from equation (2) and narrow our observations to only entrants, 

specifying the following equation: 

(2) 

𝑹𝒊𝒔𝒌𝑨𝒅𝒋𝒖𝒔𝒕𝒆𝒅𝑴𝒐𝒓𝒕𝒂𝒍𝒊𝒕𝒚𝒊𝑗𝑡 = 

𝛼 + 𝛽1𝐴𝑣𝑔𝑁𝑒𝑎𝑟𝑏𝑦𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗𝑡 +  𝜸𝑿𝒊𝒕 + 𝜏𝑡 + 𝜀𝑖𝑗𝑡 

The variable 𝐴𝑣𝑔𝑁𝑒𝑎𝑟𝑏𝑦𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗𝑡 measures the mean mortality rate for all hospitals 

nearby the entrant, per the following calculation: 

𝐴𝑣𝑔𝑁𝑒𝑎𝑟𝑏𝑦𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗𝑡 =
∑ (𝑅𝑖𝑠𝑘𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦)𝑚𝑗𝑡

𝑛
𝑚=1

𝑛
 



99 

 

where m is the set of all hospitals located within 15 miles of entrant hospital i, but 

excluding hospital i itself. The coefficient 𝛽1 represents the correlation between entrant 

mortality and surrounding incumbent hospitals’ mortality and will be positive if the rates 

are positively correlated. 

We test hypothesis 4 that hospitals improve their mortality rate following nearby 

entry by measuring changes in mortality rates as our dependent variable in the following 

model for the set of all hospitals not new during any part of period t: 

(3) 

𝑅𝑖𝑠𝑘_𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑_𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗𝑡 − 𝑅𝑖𝑠𝑘_𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑_𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗𝑡−1 = 

𝛼 + 𝛽1𝑁𝑒𝑎𝑟𝑁𝑒𝑤𝐸𝑛𝑡𝑟𝑎𝑛𝑡𝑖𝑗𝑡 + 𝜸𝑿𝒊𝑡 + 𝜀𝑖𝑗𝑡 

where the dependent variable is a hospital’s change in mortality for condition j 

between periods t and t+1. Unlike equation 1 which uses mortality as a dependent 

variable to compare hospitals, this model uses changes in mortality to compare a hospital 

to its own rates in the previous period because Hypothesis 3 predicts dynamic changes in 

mortality rate after nearby entry. The variable of interest 𝑁𝑒𝑎𝑟𝑁𝑒𝑤𝐸𝑛𝑡𝑟𝑎𝑛𝑡𝑖𝑗𝑡 is a 

continuous variable from 0 to 1 representing the proportion of period t in which hospital i 

is within 15 miles of a hospital that is within three years of opening. Negative values for 

𝛽1 will confirm that the presence of a new nearby entrant precedes improvements in 

mortality rates at incumbent hospitals. The control variables in this regression are the 

same change rates as used in equation (1). 

 

3.5. RESULTS 
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Table 13. Descriptive statistics by hospital type and patient condition 

Period average (Periods 1 to 12) 
Patient condition 

PN** HF AMI 

All Hospitals 

     Number of hospitals per period 2,948 

     Average number of hospitals within 15 miles 5.6 

     Average number of hospitals in the same HRR 18.7 

     Average number of nearby new entrants* within 15 miles 0.24 

     Total annualized number of cases  343,920 313,653 158,517 

     Average risk-standardized mortality rate 

          Period 1 11.5 11.1 16.4 

          Period 2 11.5 11.2 16.1 

          Period 3 11.8 11.3 15.8 

          Period 4 12.0 11.6 15.4 

          Period 5 11.9 11.7 15.1 

          Period 6 11.8 11.9 14.8 

          Period 7 11.5 11.6 14.2 

          Period 8** 16.3 12.0 14.0 

          Period 9 16.0 11.8 13.6 

          Period 10 15.8 11.7 13.2 

          Period 11 15.7 11.5 12.8 

          Period 12 15.6 11.3 12.7 

Hospital entrants* 

     Number of hospitals per period 79 

     Average number of hospitals within 15 miles 6.4 

     Average number of hospitals in the same HRR 23.0 

     Total annualized number of cases 3,705 3,170 1,149 

     Average market share within 15 miles 10.1% 8.9% 8.0% 

     Average risk-standardized mortality rate 

          Period 1 11.0 10.6 16.0 

          Period 2 11.1 10.7 16.0 

          Period 3 11.3 10.8 15.7 

          Period 4 11.3 11.1 15.3 

          Period 5 11.1 11.4 14.9 

          Period 6 11.0 11.6 14.7 

          Period 7 10.8 11.4 13.8 

          Period 8** 15.3 11.7 13.8 

          Period 9 14.9 11.5 13.3 

          Period 10 14.8 11.4 12.8 

          Period 11 14.5 11.3 12.5 

Incumbent hospitals within 15 miles of an entrant* 

     Number of hospitals per period 378 

     Average number of hospitals within 15 miles 13.6 

     Average number of hospitals in the same HRR 29.2 

     Average number of nearby new entrants* within 15 miles 1.23 

     Total annualized number of cases 47,515 47,879 24,225 

     Average risk-standardized mortality rate 
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          Period 1 11.2 10.5 16.2 

          Period 2 11.1 10.7 15.9 

          Period 3 11.4 10.8 15.5 

          Period 4 11.4 10.9 15.2 

          Period 5 11.3 11.1 15.0 

          Period 6 11.2 11.3 14.7 

          Period 7 10.9 11.2 14.0 

          Period 8** 15.4 11.5 13.8 

          Period 9 15.1 11.1 13.4 

          Period 10 15.2 10.9 13.1 

          Period 11 15.1 10.7 12.6 

Note: All rates are calculated as one-period cohort averages across Period 1 to Period 12 except where 

noted for the mortality rate measures, which are disaggregated by period. Number of cases are defined as 

unique Medicare inpatient stays that were eligible for measurement by Medicare’s mortality measures. 

Hospitals with fewer than 25 cases in a period do not report mortality rates. Maryland hospitals are 

excluded throughout except for in calculating number of nearby new entrants for non-Maryland hospitals. 

Includes short-term general service hospitals only. 

*entrant is defined as a hospital that opened within 3 years of any part of the associated period. Being 

nearby a new entrant is defined as having a primary address within 15 miles of the primary address of the 

new hospital. In total, there are 251 new hospitals at any point in the twelve-period timeframe, and 829 

hospitals near a new hospital. 

**The identification of PN cases was revised by the data source beginning in Period 8 which affected 

mortality rate calculations. In the regression models, the asymmetry is addressed with year effects 

throughout. 

 

 

Table 1 presents descriptive statistics by hospital category, separated into AMI, 

HF, and PN patients where appropriate (and supplemental summary statistics are 

provided in Appendix Table 21. The HRR measure of a hospital market is shown to be 

much broader than a 15-mile radius measure. While an average hospital shares an HRR 

market with 18.7 hospitals, they are within 15 miles of only 5.6 hospitals. Entrants locate 

in slightly denser markets on average, being nearby 6.4 hospitals and in the same HRR as 

23.0 hospitals. We calculated that the correlation coefficient between number of hospitals 

in each hospital’s HRR and number of hospitals within 15 miles, and the correlation 

coefficient varied from 0.36 to 0.38 depending on period, implying that a hospital’s 

market varies across the two definitions. 
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Nationally, in an average period, new hospitals comprise just 79 of the total 2,948 

hospitals (2.7%) but play a proportionally larger role within their own 15-mile radius by 

number of cases and market share. At 8 to 10 percent market share amongst those around 

them in a period, new entrants have the potential to have a significant impact on those 

within 15 hospitals. In an average period, 378 hospitals are within 15 miles of a new 

hospital. Mortality measures across cohorts reveal that time trends are significant, so rates 

should not be compared across years without year effects. 

 

 

 
Figure 9, Panel A. Pneumonia – Histogram of Risk-Adjusted Mortality Rate, June 

2005 – July 2008 (Period 1) 
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Figure 9, Panel B. Heart Failure – Histogram of Risk-Adjusted Mortality Rate, June 

2005 – July 2008 (Period 1) 
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Figure 9, Panel C. Heart Attack – Histogram of Risk-Adjusted Mortality Rate, June 

2005 – July 2008 (Period 1) 

 

 

In addition to the descriptive data in Table 1, we provide summary distributions in 

Figure 9 and summary statistics in Appendix Table 18 for all variables used in all tables 

and regressions. The summary shows not only minimum, maximum, and average rates 

across all periods, but also changes from the first period in our data set (July 2005 – June 

2008) to the last period (July 2016 – June 2019). Across all twelve periods, average 

market share and most control variables stayed relatively stable, implying that we do not 

see any big shifts in overall drivers of competition such as market concentration. 
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Table 14. Does the number of patients decrease at incumbent hospitals after an 

entrant hospital opens nearby? 

Dependent Variable: Change in 

the log number of cases from t to 

t+1 

Patient condition 

Independent variables (time 

period) 
PN HF AMI 

Change in market share of nearby 

entrant hospitalsa (t+1) 

-0.26*** 

(0.09) 

-0.37* 

(0.20) 

-0.15** 

(0.06) 

Change in FTE per 100 patient 

days 

-0.01*** 

(0.00) 

-0.01** 

(0.00) 

0.00* 

(0.00) 

Change in hospital margin 
0.00 

 (0.00) 

-0.01*** 

 (0.00) 

-0.01*** 

 (0.00) 

Includes other control variables Yes Yes Yes 

Period Effects Yes Yes Yes 

N 8,026 7,998 7,337 

Hospitals 785 783 732 

Number of Periodsb 11 11 11 

Note: Regression excludes Maryland hospitals, observations for entrants, and observations for hospitals 

that are never near a new entrant at any point during the 12-period timeframe. Standard errors clustered at 

the hospital level in parentheses. Hospitals with fewer than 25 cases in a period do not report mortality 

rates.  

***p<0.01, * p<0.05, *p<0.10 
a Entrant is defined as opened within 3 years of any part of the associated period. Being nearby a new 

entrant is defined as having a primary address within 15 miles of the primary address of the new hospital.  
b Because the regression calculates change rates, the regression excludes Period 1. 

 

 

 

Compared to periods without increasing market share of nearby entrants, hospitals 

that are within 15 miles of a nearby entrant during our timeframe face decreasing number 

of cases at their own hospital. The magnitude of the decrease after a 1 percent increase in 

entrant market share translates to a 0.15 to 0.37 percent decrease in cases at a nearby 

incumbent hospital. These findings support our prediction that patients visiting new 

hospitals for emergency care are often doing so instead of visiting a nearby incumbent 

hospital. Since hospital profits are based on number of cases, we infer that entry 
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reallocates profit and revenue from incumbent hospitals, especially those entrants with 

high market shares. 

The sizeable magnitude of the coefficients of interest validates our 15-mile radius 

cutoff for delineating competition and rules out supplier-created demand. However, the 

fact that the coefficients are not equal to 1 shows that an increase in patient cases at new 

hospitals does not have a one-for-one effect on hospitals within 15 miles. That is, a 1% 

market share of new hospitals does not reduce nearby hospitals by 1%, but rather less 

than 1%. We interpret this not as evidence of demand elasticity, but rather evidence of 

several other indirect impacts of new hospitals. First, much, but not all new hospital 

effects are necessarily absorbed strictly within 15 miles. If hospital market lines are 

redrawn after entry, a new hospital might take some of an incumbent’s geographic market 

area, but that incumbent may extend their market in the opposite direction and take from 

other incumbents further away. Further, if new entrants tend to enter growing markets 

(e.g. increases in demand for emergency care), some of the new entry cases may take 

from new demand, not from existing demand. Finally, closed hospitals, not present in our 

data set after exit, may absorb some of the effect of new entry. 

 

 

Table 15. Do entrant hospitals have better mortality rates than incumbents, 

nationally and in the same market? 

Panel A. All Hospitals 

Dependent Variable: Risk-

standardized hospital mortality 

rate 

All hospitals 

Model number (1) 

Independent variables PN patients HF patients AMI patients 

Proportion of period t that is within 3 

years of the hospital’s own opening 

(1 = fully new, 0 = not new) 

-1.02*** (0.11) -0.85*** (0.09) -0.32*** (0.12) 
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Hospital characteristics controls Yes Yes Yes 

HRR effects No No No 

Period Effects Yes Yes Yes 

N 35,069 34,448 28,096 

Hospitals 3,106 3,068 2,732 

Number of Periods 12 12 12 

 

 

 

Panel B. Only New or Near New Hospitals 

Dependent Variable: Risk-

standardized hospital mortality 

rate 

Only new or near newa hospitals and market 

control variables 

Model number (2) 

Independent variables PN patients HF patients AMI patients 

Proportion of period t that is within 3 

years of the hospital’s own opening 

(1 = fully new, 0 = not new) 

-0.52*** (0.13) -0.39*** (0.10) -0.12 (0.12) 

Number of hospital neighborsa 

(within 15 miles) 
   

0 neighbors Reference Reference Reference 

1 to 2 neighbors 0.04 -0.08 -0.36 

3 to 5 neighbors -0.21 -0.18** -0.26 

6 to 10 neighbors -0.24 -0.37*** -0.32** 

11+ neighbors -0.71** -0.60** -0.39*** 

Hospital characteristics controls Yes Yes Yes 

HRR effects Yes Yes Yes 

Period Effects Yes Yes Yes 

N 10,250 10,136 9,064 

Hospitals 948 932 854 

Number of Periods 12 12 12 

Note: Regression excludes Maryland hospitals. Standard errors clustered at the hospital level in 

parentheses. Hospitals with fewer than 25 cases in a period do not report mortality rates.  

***p<0.01, * p<0.05, *p<0.10 
a Being nearby a new entrant is defined as having a primary address within 15 miles of the primary address 

of the new hospital.  

 

 

Table 15 contains two tests comparing new hospitals to incumbent hospitals: 

Model (1) a comparison of new hospitals to all incumbent hospitals nationally, and (2) a 

comparison of new hospitals to all incumbent hospitals that are geographically near new 

hospitals. Depending on the condition, entering hospitals have from 0.32 to 1.02 better 

risk-adjusted mortality rates per 100 patients than incumbent hospitals. In Model (2), 
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after limiting the incumbent hospital cohort to only hospitals near new hospitals and 

controlling for market density and HRR effects, we find that the entering hospital 

advantage still holds. The coefficient on new entry shrinks to 0.12 to 0.52, meaning that 

only part of the entering hospitals advantage can be attributed to its market 

characteristics38. Thus, our findings imply that there may be a relationship between entry 

and hospital or market characteristics, where quality at entering/exiting hospitals improve 

the national average, but they are more likely to enter markets with higher quality. For 

example, if entrants are attracted to denser markets, which already have better quality, 

then their net effect on their local market may be neutral even where their effect on the 

national average is positive. 

Consistent with the predictions of Hypothesis 4, which is tested later on in Table 

17, patients at hospitals in denser markets consistently have better mortality rates (Model 

2). Additional neighbors is consistently related to lower mortality even as high as 11 or 

more neighbors. Hospitals with 11 or more neighbors have 0.39 to 0.71 better mortality 

rates than those with no neighbors.  

The fact that our mortality measures have carefully controlled for external sources 

of variation in mortality rates, such as risk adjustment for patient characteristics in the 

dependent variable and also for hospital characteristics in our model, we interpret these 

differences shown in Table 15 with maximal confidence. Together, the results support the 

hypothesis that entry improves on the quality of a hospital market and provides patients 

 
38 We tested the effect of using a five year instead of a three-year range for defining new hospitals and 

found similar results.  
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with more desirable patient care. As expected, the coefficient on entry for AMI services 

is of lower magnitude on our variables of interest, compared to HF and PN services. 

We interpret these findings using a decomposition that simulates the aggregate 

quality rate for all markets that have entry, both with and without entrant effects, scaled 

to their market shares. The following equation is in the spirit of productivity growth 

allocation models (Foster, Haltiwanger and Krizan 2001). 

(4) ∆𝑄𝑖𝑡 = ∑(𝑞𝑒𝑡 − 𝛼1)

𝑒∈𝑁

𝑠𝑒𝑡 

where ∆𝑄 represents the counterfactual difference in quality (mortality) due to entry, 

relative to the actual mortality rate, for patient condition i in period t, summing across 

hospital e with mortality rate q and market share s. We use coefficients in Table 15 for 𝛼1 

for the advantage for entrant N within 3 years of period t and market shares from Table 1 

for 𝑠𝑒𝑡, calculating the cumulative effect of entrants for each of the three conditions: 

For PN, ∆𝑄𝑖𝑡 = −0.52 ∗ 0.101 = −0.05 

For HF, ∆𝑄𝑖𝑡 = −0.39 ∗ 0.089 = −0.03 

For AMI, ∆𝑄𝑖𝑡 = −0.12 ∗ 0.080 =  −0.01 

Thus, without the presence of entrants in a given period, assuming their market 

shares would allocate to continuing hospitals, and not accounting for additional reactions 

to entry by continuing hospitals, we would expect mortality rate to be between 0.01 and 

0.05 higher in those markets. These rates are small primarily due to low market shares for 

entrants and exits, which scale down the effect, but also because this effect captures the 

effect of hospitals considered entrants in only one period and can compound over time.  



110 

 

 

 

Table 16. Do entrants in low-mortality areas have lower mortality than entrants in 

high-mortality areas? 

Dependent Variable: Risk-

standardized hospital mortality 

rate 

Patient condition 

Independent variables PN HF AMI 

Average risk-standardized hospital 

mortality rate at neighbor hospitals 

(within 15 miles) 

0.28*** (0.06) 0.28*** (0.08) 0.18* (0.09) 

Hospital characteristics controls Yes Yes Yes 

Period Effects Yes Yes Yes 

N 788 748 496 

Hospitals 209 201 158 

Number of Periods 12 12 12 

Note: Regression includes observations for non-Maryland entrant hospitals. Entrant is defined as opened 

within 3 years of any part of the associated period. Standard errors clustered at the hospital level in 

parentheses. Hospitals with fewer than 25 cases in a period do not report mortality rates.  

***p<0.01, * p<0.05, *p<0.10 
a Being nearby a new entrant is defined as having a primary address within 15 miles of the primary address 

of the new hospital.  

 

 

Table 16 tests hypothesis 3 that entrants near higher-quality incumbents are 

themselves higher quality than entrants elsewhere. Using the subset of entrant hospitals 

only, we find that across all three conditions, entrant quality correlates with incumbent 

quality. A one-unit difference in incumbent mortality corresponds to a 0.18 to 0.28 

difference in entrant quality.  

Together with Table 15, these results imply a self-selection bias in entrant 

hospitals decision to enter. Not only are entrant hospitals better on average than 

incumbent hospitals, but they are even better when facing high-quality incumbents. This 

is consistent with our theory that patients exhibit preferences for high-quality hospitals 

and will be more likely to make a hospital profit if they improve on existing services in a 
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market. Consistent with expectations, AMI has a lower correlation between entrant and 

incumbent mortality, perhaps implying a weaker self-selection effect. 

We next turn to how incumbents react to the potential threats to profits detailed in 

Tables 2 through 4 by measuring changes in mortality rates over time in incumbent 

hospitals. 

 

 

Table 17. How does mortality rates at incumbent hospitals change after nearby 

entry from a neighboring hospital? 

Dependent Variable: Change in 

risk-standardized mortality rate 

from t to t+1 

Patient condition 

Independent variables (time 

period) 
PN HF AMI 

Proportion of the time period t in 

which the hospital is near a newa 

hospital 

-0.03 (0.03) -0.05*** (0.02) 0.01 (0.02) 

Change in FTE per 100 patient 

days (t to t+1) 
0.01** (0.01) 0.00 (0.00) 0.01* (0.01) 

Change in hospital margin (t to 

t+1) 
0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 

Includes change in other control 

variables (t to t+1) 
Yes Yes Yes 

Period Effects Yes Yes Yes 

N 30,872 30,432 24,646 

Hospitals 3,001 2,974 2,625 

Number of Periodsb 11 11 11 

Note: Regression excludes Maryland hospitals, observations for entrants. Standard errors clustered at the 

hospital level in parentheses. Hospitals with fewer than 25 cases in a period do not report mortality rates.  

***p<0.01, * p<0.05, *p<0.10 
a Entrant is defined as opened within 3 years of any part of the associated period. Being nearby a new 

entrant is defined as having a primary address within 15 miles of the primary address of the new hospital.  
b Because the regression calculates change rates, the regression excludes Period 1. 

 

 

 

We find evidence in Table 17 that on average, incumbent hospitals respond to 

entry of a nearby hospital by improving the mortality rate after nearby entry. New 

competition, represented by an increase in nearby entry by a neighboring hospital, was 
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related to a small improvement in quality at the incumbent hospital (up to 0.05 per 100 

patients depending on patient condition). The magnitude appeared to be larger and more 

statistically significant for HF. 

Because hospital entry nearby is not random, our model construction has 

addressed two potential sources of endogeneity, by both using a change rate as a 

dependent variable and by including two other control variables, staffing levels and 

patient margins. The inclusion of those variables rule out other endogenous sources of 

growth rather than threats by incumbents, consistent with research linking staffing levels 

to higher quality of care (Hackmann 2019). The first variable controlled for FTEs per 

patient day and ensures that the effect of competition is not misattributed to higher 

staffing in hospitals that shrink. The results in Table 17 show that the relationship 

between both staffing levels per patient day and margins, and quantity of services is 

small. The limited magnitude of staffing level effects is plausible because substantial 

competition not just for patients but also for qualified expert physicians that provide 

services may work to stabilize staffing per patient day. That is, losing patients may 

correlate with proportional or nearly proportional loss of some staff. The second variable, 

patient margin, is positively related to number of cases, linking loss of cases to loss of 

profit. Thus, when considering the effect of entrants and subsequent loss of cases, it 

should be noted that fewer cases may equate to not only lost revenue but also lost 

profitability. 

 

3.6. CONCLUSION 
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Even though the hospital industry is viewed as slow to transform, we observe a 

substantial entry rate for individual services in select markets. We find that hospital entry 

has an allocative effect on the industry, as entrants siphon patients from nearby hospitals 

and provide better quality care for some of the most common conditions. Further, nearby 

hospitals may react to new entry by improving their own quality by a small amount. 

Echoing the allocative effect of entrants, we find that hospitals in denser, more 

competitive markets, even incumbent hospitals, provide substantially better-quality 

services than hospitals in less competitive markets. These results are consistent with the 

allocative effects of competition: denser markets produce constant cross-threats. 

Our results also demonstrate the size of the threat to incumbents of losing hospital 

patients, correlates with the entrant’s market share. These results reinforce a patient-

choice model of hospital competition, where patients select alternative hospitals that 

compete on quality to obtain and retain those patients. These findings also strongly 

support the theory that hospitals, even prospective ones, are aware of their competition 

and invest in quality to provide quality that is better than their competitors to attract 

patients. This implies a self-selection amongst potential entrants that results in exposure 

of low-quality incumbents to greater levels of future competition. 

Our results find, but do not explore why, entrants tend to select competitive, high-

quality areas to enter, more often than they select less-competitive, low-quality areas. 

One potential explanation is that areas with barriers to entry would explain both lack of 

entry and low threat response from incumbents selecting their level of quality investment. 
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Future research on the demand side of competition would form a more complete 

picture of how competition for quality operates in health care. For example, through what 

mechanisms do patients choose a hospital and how do these factors change quality? 

Finally, this paper has implications for the role of local, state, and federal governments 

that allocate patients, providers, or resources non-competitively and the effects anti-

competition may have on the creation and destruction of hospitals that tends to have a 

multifaceted positive impact on quality. Additional research may examine the role of 

emergency personnel and EMS, as well as CON laws and federal payers and their effect 

on patient lock-in.  

Despite the traditionally mysterious nature of competition in health care quality, we find 

clear evidence that some aspects of new competition, when present, positively affects 

overall market quality by reallocating patients and also by sometimes inducing higher 

investment in quality by incumbents. These results inform consideration of policies 

restricting competition, especially where little competition currently exists, which may 

inhibit the emergence of higher quality hospitals and the subsequent patient reallocation. 
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APPENDIX 

CHAPTER 2 APPENDIX 

 

 

 

Appendix Table 18. State-level enrollment characteristics, pre- and post-ACA 

 

ACA 

Medicaid 

Expansion 

Status 

2014 

State Enrollment 

Propensity for 

Medicaid Expansion 

Target Population 

State 

Enrollment 

Expansion for 

Medicaid 

Expansion 

Target 

Population 

 

State 

Enrollment 

Expansion for 

Medicaid 

Expansion 

Population 

with Disability  

State Enrollment 

Expansion for 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

Pre-ACA 

(2009 to 

2013) 

 

Post-ACA 

(2014 to 

2018) 

 

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

State  ----------------------------------Equation (1) Estimates---------------------------------- 

OR Yes 17.2% 50.2% 33.0% 30.8% 33.9% 

WV Yes 17.3% 47.6% 30.3% 22.1% 33.9% 

KY Yes 16.8% 45.5% 28.7% 24.0% 27.4% 

CO Yes 19.7% 47.3% 27.5% 25.2% 29.4% 

WA Yes 19.1% 45.8% 26.7% 25.1% 26.5% 

RI Yes 25.8% 52.4% 26.6% 31.2% 17.3% 

CA Yes 22.3% 46.8% 24.5% 17.8% 23.8% 

NM Yes 22.3% 46.5% 24.2% 13.8% 27.2% 

NV Yes 9.0% 32.4% 23.4% 25.1% 25.9% 

OH Yes 22.2% 44.0% 21.7% 24.7% 19.9% 

MD Yes 27.0% 46.6% 19.6% 13.6% 17.7% 

AR Yes 13.7% 33.2% 19.5% 23.6% 18.4% 

MI Yes 21.5% 39.9% 18.4% 19.5% 17.0% 

NH Yes 17.7% 34.9% 17.2% 17.7% 20.9% 

NJ Yes 24.5% 41.3% 16.8% 10.7% 13.8% 

CT Yes 39.6% 55.6% 16.0% 4.1% 11.4% 

IL Yes 25.7% 41.3% 15.6% 17.2% 9.1% 

VT Yes 49.0% 64.5% 15.4% 1.8% 17.8% 

IA Yes 22.0% 37.0% 14.9% 15.6% 17.1% 

MN Yes 33.4% 46.6% 13.2% 3.3% 13.8% 

NY Yes 37.5% 50.4% 12.9% 6.6% 10.5% 

AZ Yes 28.2% 39.8% 11.6% 9.4% 9.4% 

DC Yes 48.9% 59.5% 10.6% 3.2% -5.5% 

MA Yes 49.8% 59.9% 10.1% 7.5% 8.7% 
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DE Yes 33.8% 42.1% 8.2% 5.0% 6.9% 

TN   20.0% 28.0% 8.1% 7.4% 9.7% 

ND Yes 14.2% 21.3% 7.2% 1.5% 12.5% 

SC   12.8% 19.7% 6.9% 8.0% 10.4% 

FL   15.4% 21.1% 5.8% 6.5% 6.3% 

VA   12.5% 16.9% 4.5% 2.2% 6.0% 

SD   11.8% 15.6% 3.8% 14.3% 5.5% 

NC   14.1% 17.9% 3.7% 3.4% 4.6% 

GA   10.2% 13.6% 3.5% 5.5% 2.5% 

AL   12.6% 15.8% 3.2% 2.6% 3.4% 

WY   11.7% 14.5% 2.8% 1.3% 7.6% 

MS   12.6% 15.3% 2.7% 5.5% 1.1% 

OK   13.2% 15.9% 2.7% 0.2% 3.9% 

KS   12.8% 15.4% 2.7% 0.1% 4.1% 

UT   14.3% 16.6% 2.4% -0.7% 3.3% 

TX   13.1% 14.4% 1.3% 4.6% 0.9% 

ID   12.7% 13.6% 1.0% -8.4% 1.7% 

MO   15.1% 16.0% 0.9% -0.4% 0.7% 

NE   14.2% 14.5% 0.3% -2.6% -1.0% 

WI   34.7% 34.6% -0.1% 7.7% -8.3% 

ME   43.0% 32.5% -10.5% -9.4% -16.1% 

States are sorted by column (4), in descending order of enrollment increase. ACA expansion status is 

defined as those states that elected to expand Medicaid in 2014. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. 

 

 

Equations (2) and (3) use the marginal effects from our Medicaid enrollment 

logistic equation displayed in Table 13 to calculate the ACA effect on enrollment for 

each of 45 states (equation 4). Table 14 shows that the states with the highest enrollment 

expansion were those adopting ACA’s Medicaid expansion: enrollment by the Target 

Population in non-expansion states expanded by -10.5 to 8.1 percent, and in expansion 

states by 7.2 to 33.0 percent. The large variation in enrollment within regimes, expansion 
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or non-expansion, demonstrates the level of interstate differentiation in state Medicaid 

benefit provision, as referenced in our theoretical framework. The results also show 

differences in enrollment increases across the states and important subpopulations, 

validating the need to differentiate states and subpopulations. 

Despite regional clustering among states that expanded Medicaid, high-

contrasting states often share a border (Figure 7), such as Oregon and Idaho or Virginia 

and West Virginia, implying that Medicaid expansion created sharp differences at 

borders. The large size of the differences across states that are geographically close 

makes Medicaid expansion particularly well-suited to analysis of movement across state 

lines. 

To account for the impact of the lag between eligibility and enrollment, we re-

specify equation (1) without year 2014, to compare pre-ACA to only 2015 to 2018. After 

excluding this year of data, no state changed their enrollment level by more than three 

percentage points for the overall target population, and the results for subsequent models 

(equations 2 through 4) were similar. Thus, the lag effect did not have a large impact on 

our models.  

To attempt to falsify the results from equation (4), we re-estimate the model using 

a different population than the Medicaid expansion target population between 100 and 

138 percent of the FPL, instead restricting our data set to only individuals with incomes 

greater than or equal to 300 percent of the FPL, referred to here as the non-targeted 

population. We select this income range for falsification because it is outside the 

Medicaid eligibility range and is therefore not expected to be confounded by near-
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eligibility or improper enrollment. Using the model in equation (5) for the nontargeted 

population allows us to compare whether the moving rates for other populations not 

benefitted by Medicaid exhibit similar moving patterns. The hypothesis that Medicaid 

expansion was the motivator for changes in migration predicts no statistically significant 

coefficient on the 𝑃𝑜𝑠𝑡𝐴𝐶𝐴 expansion interaction term for this non-target population.  

 

 

Appendix Table 19. Falsification test: moving rates for within-state migration rates 

Dependent variable: Whether 

the individual moved to a 

different migration PUMA 

within the same state 

Medicaid 

Expansion Target 

Population 

Medicaid 

Expansion 

Population with 

Disability 

Medicaid 

Expansion 

Population of 

Parents of Young 

Children 

Equation (2) Estimates 

 (1) (2) (3) 

    
Post-ACA*State Medicaid 

Enrollment Change 
0.005 (0.008) 0.009 (0.010) -0.002 (0.008) 

State Medicaid Enrollment 

Change 
-0.039*** (0.013) -0.011 (0.012) -0.031 (0.012) 

Year effects Yes Yes Yes 

Control variables Yes Yes Yes 

Constant 0.027*** (0.006) 0.019*** (0.007) 0.025*** (0.006) 

    

Observations 582,558 83,641 249,456 
The dependent variable equals one if the individual moved to the state in the twelve months prior to the 

survey month. 

State Medicaid Enrollment Change represents a time-invariant increase in enrollment, as computed in 

equation (1), comparing pre-ACA to post-ACA enrollment. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

The control variables include individual characteristics - gender, nine race categories, age categories, 

foreign born status, English proficiency, whether the person was unemployed for the entire previous twelve 

months, and whether the individual holds a bachelor’s degree – as well as state unemployment rate and 

median household income. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. Standard errors are clustered at the state level in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Showing that in-state moving rates increased with a state’s enrollment increase post-ACA 

would cast doubt on our hypothesis that interstate moves are motivated by Medicaid 

benefits. However, our results in Appendix Table 19 show no statistically significant 

correlation between a state’s enrollment increase post-ACA and within-state moving 

rates, implying that the migration increase to states increasing enrollment found in Table 

9 are exclusive to interstate moves and not intrastate moves. 

 

Appendix Table 20. Triple difference falsification test: comparing in-migration of 

Medicaid target group to individuals higher than 300 percent of the FPL 

Dependent variable: Moved into 

the state in the previous twelve 

months 

Full Population 
Population with 

Disability 

Population of 

Parents of Young 

Children 

 
(1) (2) (3) 

    

Post-ACA*State Medicaid 

Enrollment Change*Medicaid 

Target Population 

0.001 (0.004) 0.024** (0.011) 0.008 (0.006) 

Post-ACA*State Medicaid 

Enrollment Change 
0.001 (0.005) 0.001 (0.007) 0.002 (0.005) 

Post-ACA*Medicaid Target 

Population 
-0.002** (0.001) -0.004* (0.002) -0.002** (0.001) 

State Medicaid Enrollment 

Change*Medicaid Target 

Population 

0.002 (0.011) -0.016 (0.011) 0.001 (0.011) 

State Medicaid Enrollment 

Change 
-0.009 (0.010) -0.008 (0.009) -0.007 (0.008) 

Medicaid Target Population 0.010*** (0.001) 0.007*** (0.002) 0.005*** (0.001) 

Year effects Yes Yes Yes 

Control variables Yes Yes Yes 

Constant 0.014*** (0.007) 0.021*** (0.006) 0.014*** (0.004) 

    

Observations 8,211,768 487,481 2,680,475 

The dependent variable equals one if the individual moved to the state in the twelve months prior to the 

survey month. 

State Medicaid Enrollment Change represents a time-invariant increase in enrollment, as computed in 

equation (1), comparing pre-ACA to post-ACA enrollment. 

The population with disabilities is defined as all individuals that self-report any disability. The population 

of parents of young children is defined as all individuals cohabitating with their own child below age 18. 

The control variables include individual characteristics - gender, nine race categories, age categories, 

foreign born status, English proficiency, whether the person was unemployed for the entire previous twelve 

months, and whether the individual holds a bachelor’s degree – as well as state unemployment rate and 
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median household income. 

Post-ACA is equal to 1 for the years from 2014 and later and 0 otherwise. 

The regression does not use person weights. Standard errors are clustered at the state level in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

 

 

Because the coefficient on the triple interactions are similar to those found in Table 9, we 

show that the migration effect similarly holds even after comparing to non-targeted 

populations. Based on the coefficient on Post-ACA*State Medicaid Enrollment Change 

is near zero and not statistically significant despite a reliable sample size, there is no 

evidence that the non-targeted population experiences increase in migration to states 

increasing enrollment in the same way that the targeted population experienced changes. 

 

 

CHAPTER 3 APPENDIX 

 

 

Appendix Table 21. Summary Statistics for All Hospitals 

Variable Mean (std dev) Minimum Maximum 

Proportion of hospitals by number of neighborsa    

     0 neighbors 0.30 (0.46) 0 1 

     1 to 2 neighbors 0.38 (0.45) 0 1 

     3 to 5 neighbors 0.14 (0.35) 0 1 

     6 to 10 neighbors 0.13 (0.33) 0 1 

     11+ neighbors 0.16 (0.37) 0 1 

Certificate of need state location 0.52 (0.50) 0 1 

Proportion of patients dually eligible 0.29 (0.17) 0 1.26 

Hospital-wide case mix index 1.49 (0.30) 0.72 3.67 

For profit (1=for profit, 0=otherwise)  0.20 (0.40) 0 1 

Nonprofit (1=nonprofit, 0=otherwise) 0.54 (0.50) 0 1 

Bed count (00s) 2.55 (2.35) 0 25.76 

Teaching status (1=teaching, 0=non-teaching) 0.34 (0.47) 0 1 

MA Penetration in hospital county 0.28 (0.16) 0 0.72 

FTEs per 100 patient days 3.38 (2.32) 0.47 44.83 

Patient Margin (after winsorization) 0.00 (0.15) -0.80 0.75 
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 a Being near another hospital defined as having a primary address within 15 miles of the primary address 

of another hospital.  

Note: Includes all twelve periods in the data source. Maryland hospitals are excluded throughout except for 

in calculating number of nearby new entrants for non-Maryland hospitals. Includes short-term general 

service hospitals only. 
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