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ABSTRACT

IZA DP No. 16448 SEPTEMBER 2023

The Impact of Hospital Closures on 
Medical Debt in Collections: Analysis 
Using Consumer Credit Bureau Data*

This study presents new evidence on the potential detrimental effects of hospital closures. 

We examine how hospital closures affect the likelihood of incurring medical debt. Hospital 

closures can increase market concentration by removing a competitor from the market. 

Closures can also have negative spillover effects on the local economy and affect the 

population’s ability to pay their bills. We combine 2011-2020 consumer credit bureau data 

with information on hospital closures from 2014-2018 to assess the relationship between 

closures and medical debt. Using a stacked event study approach, we find that a closure 

that reduces hospital supply in a Hospital Referral Region (HRR) by 10 percent is associated 

with a 4 percent increase in the share of consumers with medical debt, with larger effects 

in HRRs that are urban and have higher rates of poverty. Moreover, we find that a hospital 

closure is associated with about a 6-8 percent increase in hospital market concentration. 

These findings suggest that the primary mechanism through which hospital closures affect 

medical debt is by reducing hospital competition in local markets.
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1. Introduction 

Medical debt is a critical challenge to Americans’ financial stability and well-being. In 2022, 

about 4 in 10 US adults reported some form of medical debt, and 1 in 8 consumers had medical 

debt in collections on their credit reports (Lopes et al. 2022; Urban Institute 2022). Medical debt 

represents 58 percent of all debt in collections, resulting in damaged credit scores that affect a 

person’s access to credit and their ability to rent or buy a home and find employment (CFPB 

2022). Medical debt is also associated with a greater likelihood of forgoing needed health care, 

having difficulty meeting other basic needs, experiencing food and housing insecurity, and 

facing an increased risk of bankruptcy (Himmelstein et al. 2022; Rabin et al. 2020; Dobkin et al. 

2018; Hamel et al. 2016). 

On the consumer side, medical debt is most prevalent among people of color, people with 

disabilities or chronic health conditions, uninsured and underinsured adults, families with low 

incomes, and residents of states that did not expand Medicaid under the Affordable Care Act 

(ACA) (Lopes et al. 2022; Karpman et al. 2022; Bennett et al. 2021; Kluender et al. 2021). 

Although health insurance coverage and Medicaid expansion play an important role in reducing 

medical debt in collections, most medical debt is incurred by people who had insurance at the 

time the debt was incurred due to cost-sharing and limitations on covered services (Finkelstein et 

al. 2012; Caswell and Waidmann 2017; Karpman and Long 2015). 

Medical debt may also reflect provider practices that increase the risk of unexpectedly 

high medical bills. For instance, the rate at which patients receive surprise bills for out-of-

network care varies widely across states and hospitals (Pollitz et al. 2020; Sun et al. 2019). Some 

evidence shows that hospital systems are also becoming increasingly aggressive in collecting 

payments by filing lawsuits and garnishing wages. For example, hospital lawsuits against 



patients in Wisconsin increased 37 percent between 2001 and 2018, disproportionately affecting 

Black patients and patients in low-income communities (Cooper, Han, and Mahoney 2021). 

Researchers and journalists have also used court records data to highlight the frequency with 

which hospitals sue patients for unpaid medical bills, which can result in wage and bank account 

garnishments or liens placed on homes (Bruhn et al. 2019; Kliff 2019; McGhee and Chase 2023). 

In this analysis, we examine how hospital closures affect the risk of consumers incurring 

medical debt. We combine 2011–2020 consumer credit bureau data with information on hospital 

closures from 2014–2018 to assess the relationship between hospital closures and medical debt 

in collections. Using a stacked event study approach, we compare medical debt in collections 

among residents of hospital referral regions (HRRs) that experienced a hospital closure with 

residents of HRRs that did not experience a hospital closure. We compare trends in medical debt 

between our treatment and comparison groups in the three years before and after a closure.  

Hospital closures can affect medical debt through multiple pathways. Hospital closures 

can increase market concentration by removing a competitor from the market, which, in turn, can 

increase remaining providers’ pricing power and lead to higher prices charged to commercial 

payers. Multiple studies find that market concentration is associated with higher hospital prices, 

with price increases often exceeding 20 percent when mergers occur in already concentrated 

markets (Gaynor 2020; Cooper et al. 2019; Gaynor, Ho, and Town 2015; Gaynor and Town 

2012; Fulton 2017; Dafny 2009). Anecdotal evidence also suggests that a lack of hospital 

competition can make healthcare providers more aggressive in collecting unpaid bills and reduce 

the availability of financial assistance (e.g., charity care), which represents an additional 

potential mechanism through which increasingly concentrated market power may translate into 

greater medical debt (Hancock and Lucas 2019). 



Other potential mechanisms through which hospital closures can affect medical debt may 

have ambiguous directions. For example, while rural hospital closures can have negative 

spillover effects on the local economy and affect the population’s ability to pay their bills 

(Holmes et al. 2006; Vogler 2021; Alexander and Richards 2023), the loss of employer-

sponsored health insurance following a closure can also lead to reductions in health care 

utilization, and in turn medical debt, especially if the closing hospital is a large employer relative 

to the size of the community. In addition, empirical evidence suggests rural hospital closures 

result in lower availability of nearby hospital services and short-term reductions in the use of 

hospital services, particularly for non-urgent care, which in turn could lower short-term medical 

debt (Carroll 2019). However, by reducing access to and use of hospital services, hospital 

closures are also associated with increasing the mortality risk for heart attacks, unintentional 

injuries, and time-sensitive conditions (Carroll 2019; Shen and Hsia 2012; Buchmueller, 

Jacobson, and Wold 2006; Gujral and Basu 2019; Wishner et al. 2016). This increase in health 

risk and intensive care can in turn lead to an increase in medical debt, as previous research has 

shown that poor local health status is a strong predictor of medical debt (Blavin, Braga, and 

Gangopadhyaya 2022). 

Overall, we find that, compared to HRRs that experience no hospital closures over the 

same period, a hospital closure that reduces total hospital supply in an HRR by about 10 percent 

is associated with about a 4 percent increase in the share of consumers with medical debt in 

collections, with larger effects in HRRs that are urban, have higher rates of poverty, and, 

somewhat surprisingly, in states that expanded Medicaid under the ACA. We find that these 

effects do not persist beyond the first two years of a hospital closure. In terms of mechanisms, 

we find that a 10 percent reduction in hospital supply due to closures is associated with about a 



7–8 percent reduction in the number of hospital entities and a 6–8 percent increase in hospital 

market concentration, as measured by the Herfindahl-Hirschman Index (HHI). These findings 

suggest that one of the primary mechanism through which hospital closures affect medical debt 

is by reducing hospital competition in local markets.  

This analysis contributes to the growing literature on the determinants of medical debt. 

While past work has studied the importance of health insurance coverage and local health and 

socioeconomic outcomes (Caswell and Waidmann 2017; Blavin Braga, and Gangopadhyaya 

2022), to our knowledge this is the first study to assess hospital closures as a potential driver of 

medical debt. In addition, this study adds to the extensive literature on the potential detrimental 

effects of hospital closures on patient distances and travel times, mortality rates for time-

sensitive conditions, and quality of care (Shen and Hsia 2012; Bazzoli et al. 2012; McCarthy et 

al. 2021; Carroll 2019; Buchmueller, Jacobson, and Wold 2006; Gujral and Basu 2019). Findings 

from this study can also inform policymakers on the potential harm to consumers of hospital 

closures and other actions that can increase market concentration (i.e., mergers and acquisitions). 

This study is particularly pertinent as policymakers have increasingly focused on the role of 

hospital billing and collection practices in contributing to medical debt, as shown by the 

enactment of the No Surprises Act of 2020, which aims to provide federal protections to 

consumers against surprise out-of-network medical bills, along with various state laws. 

2. Methodology 

2.1 Data 

Our primary outcome is an indicator for whether the consumer has medical debt in collections, 

meaning debt from a health care provider that was sent to a third-party collector or assigned to a 

creditor’s internal collections department. Debt in collections is normally at least 180 days past 



due, where the creditor acted to collect the unpaid debt but was unsuccessful. To measure 

medical debt in collections, we use the Urban Institute longitudinal credit bureau data, which is a 

nationally representative sample of depersonalized consumer data from a major credit bureau and 

has been used in several prior analyses (Caswell and Goddeeris 2020; Caswell and Waidmamn 

2017; Braga and Oglesby-Neal 2023; Andre et al. 2023). We use data collected from August 

2011 through August 2020, including a two percent sample of consumers in each year from 2011 

through 2019 (i.e., over 5 million consumers in each year) and a four percent sample in 2020 

(i.e., over 10 million consumers). All records were stripped of personally identifiable 

information, and no data on race and ethnicity, gender, or income were included; however, we do 

use information on a consumer’s age and their zip code of residence. Based on the consumer’s 

residential zip code, we identify the consumer’s HRR of residence using crosswalk files from the 

Dartmouth Atlas of Health Care. For computational feasibility, we estimate our models at the zip 

code level, weighting each observation by the number of consumers sampled in the zip code. 

The credit bureau data have three important limitations. First, we observe only the stock 

(collection balance), and we do not observe flows of new collections. Second, a debt appears in 

the credit record data at the time it was reported to the credit bureau as being in collections, not 

at the time the debt was initially incurred. Finally, we do not observe demographic or 

socioeconomic characteristics such as income or health insurance status for individual 

consumers. Instead, we utilize the characteristics of their local communities defined by Zip Code 

Tabulation Areas, or ZCTAs. 

We supplement the credit bureau data with the 2011–2020 American Hospital 

Association’s Annual Survey Database (AHASD) to identify hospital closures and measure 

market concentration. We restrict our analysis to hospitals providing general acute care and 



exclude federal hospitals and hospitals providing specialty care. We use AHASD information on 

hospital additions and deletions each year and the recorded explanation for each addition or 

deletion (e.g., “hospital closed”) to identify hospital closures. We obtain geographic information 

for each hospital and closing hospital, including the HRR in which they are located.  

To assess potential mechanisms, we use each hospital’s adjusted admissions and system 

affiliation to construct the HHI, a common measure of market concentration, for each HRR. The 

HHI is calculated by squaring the market share of each unique system and independent hospital 

competing in the HRR and then summing the resulting numbers. We also assess the effect of 

hospital closures on the number of hospitals in the HRR. In both instances, we log transform the 

number of hospitals and HHI to deal with the skewness of each outcome and for ease of 

interpretation. 

To provide contextual information on zip codes of consumers’ residence in the credit 

bureau data, we merge in data on average household income, share of families with incomes 

below the poverty line, share uninsured, and racial-ethnic composition using the Census Bureau 

5-year American Community Survey. We use 5-year period estimates from years 2007–2011 

through 2016–2020 and merge these with the credit data, matching the final year in the period 

with the year of the credit data extract. We also identify zip codes as urban or rural using 2010 

Rural-Urban Commuting Area codes from the US Department of Agriculture and the WWAMI 

Rural Health Research Center. Finally, we include an indicator for Medicaid expansion status 

based on the credit bureau data extract year and the consumer’s state of residence. 

We also use these contextual factors to stratify the sample by poverty status, rurality, and 

Medicaid expansion status. To investigate heterogeneous effects by poverty status, we compare 

zip codes with a family poverty rate above the yearly median rate (for at least 50 percent of the 



years the zip code appears in the credit bureau data) with the remaining below-median zip codes. 

To investigate heterogeneous effects by rurality, we first construct an HRR-level measure of 

rurality by finding the share of HRR consumers (in 2011) living in a rural zip code, and then split 

the HRRs relative to the median HRR-level rurality value. Finally, for Medicaid expansion 

status, we categorize zip codes as being in states that (1) expanded Medicaid in 2014, (2) 

expanded Medicaid between 2015 and 2018, and (3) expanded Medicaid after 2018 or not at all. 

2.2 Empirical Approach 

Estimating the impact of hospital closures on medical debt in collections is challenging because 

hospital markets experiencing a closure may be distinct from markets that do not experience a 

closure in many other ways that could, in turn, be related to medical debt. To address this 

endogeneity problem, we use an event study analysis that compares changes in trends in medical 

debt in collections in HRRs that do and do not experience a closure (hereafter referred to as 

treatment and comparison HRRs, respectively). To address some of the well-documented 

methodological problems of using earlier-treated HRRs as comparison HRRs in later years (e.g., 

Callaway, Goodman-Bacon, and Sant’anna 2021; Goodman-Bacon 2020), we use a stacked 

regression approach to estimate our event study model. We construct year-specific analytic 

samples for closures that occurred for each individual year between 2014 and 2018—which we 

call panels. For each of these panels, we use information from 3 years pre- and 3 years post-

closure date (including the year of closure), thus constructing a unique 6-year window for each 

hospital closure. We designate all HRRs that experience a hospital closure in that year as treated 

for that panel; all HRRs that do not experience a closure in the 6-year window for the panel are 

the comparison HRRs. We then pool, or stack, each of these 6-year panels in a single estimating 

equation, described below: 



(1) 𝑌𝑧ℎ𝑡𝑐 =  ∑ 𝛼𝑘(𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑌𝑒𝑎𝑟𝑘)2
𝑘=−3 + ∑ 𝛿𝑘

2
𝑘=−3 (𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑌𝑒𝑎𝑟𝑘 ∗ 𝑇𝑟𝑒𝑎𝑡ℎ𝑐) +

𝛽(𝑇𝑟𝑒𝑎𝑡ℎ𝑐) + 𝜃ℎ + 𝜆𝑐 + Γ′𝑋𝑧𝑡 + 𝜖𝑧ℎ𝑡𝑐  

Where 𝑌 measures the share of adults with medical debt in collections in zip code 𝑧, 

HRR ℎ, time period 𝑡, which is a date centered around the closure year for each panel, and panel 

𝑐, representing each of the distinct 6-year panels. The estimating equation includes indicators for 

the year relative to the closure year (𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝑌𝑒𝑎𝑟𝑘), a treatment variable (𝑇𝑟𝑒𝑎𝑡ℎ𝑐), and 

interactions between the relative year and the treatment variable. We further include HRR fixed 

effects (𝜃ℎ) and indicators for each of the unique 6-year panels that have been stacked together 

(𝜆𝑐). Because HRRs that experience closures in later years can serve as comparison HRRs in 

earlier closure panels, treatment varies at the HRR by closure year level. Moreover, for this 

reason, HRR fixed effects are not collinear with the closure year indicators or the main effect. 

HRRs that experience closures in earlier years cannot serve as comparison HRRs in later closure 

panels.  

To control for changes in secular trends in medical debt related to major national policies 

and macroeconomic shocks, all regressions include calendar year fixed effects. We also control 

for several zip code level contextual factors including the share of the population uninsured, the 

share of families in poverty, the log of the average household income, racial and ethnic 

composition, an indicator for the rurality of the zip code, an indicator for whether the state the 

zip code is in has expanded Medicaid under the ACA (𝑋𝑧𝑡), and the zip code–level age 

distribution of consumers with a credit record. All regressions are weighted for the number of 

consumers in each zip code in our credit bureau sample. In all models, standard errors are 

clustered by HRR, the level at which treatment varies in this analysis.  



We express 𝑇𝑟𝑒𝑎𝑡ℎ𝑐 as a dosage variable, defined as the proportion of hospitals in the 

HRR in the year before treatment that experience closure in the treatment year—this helps 

characterize the magnitude of a hospital closure based on the number of other hospitals available 

to patients. As a sensitivity test, we also define 𝑇𝑟𝑒𝑎𝑡ℎ𝑐 as a binary indicator for whether an 

HRR experiences a hospital closure. We omit the year before closure and set this as the reference 

period. These interactions then produce two pre-closure coefficients (𝛿−3, 𝛿−2) and three post-

closure coefficients (𝛿0, 𝛿1, 𝛿2).  

The basic identifying assumption of this methodological approach is that, in the absence 

of hospital closures, the trends in the share of adults with medical debt in collections would have 

been similar in treated and comparison HRRs. Observing distinct trends in this outcome before 

the closure occurs would suggest the parallel trends assumption does not hold. Thus, in 

estimating (1), the two pre-closure coefficients on the interaction terms (𝛿−3, 𝛿−2) test for 

whether the parallel trends assumption holds before treatment. Beyond t-testing for the 

significance of these individual parameters, we also use an F-test to assess whether the two pre-

closure coefficients are jointly significant. The three post-closure coefficients on the interaction 

terms (𝛿0, 𝛿1, 𝛿2) estimate whether hospital closures affected outcome trends in treated HRRs 

relative to comparison HRRs, and, specifically, whether the impact, if any, is persistent across 

multiple years.  

Additionally, using a continuous treatment variable requires making additional 

assumptions about the paths of outcomes among treated HRRs (Callaway, Goodman-Bacon, 

Sant’Anna 2021); we are not only drawing comparisons between HRRs that did and did not 

experience closures but also between HRRs that experienced closures that affected hospital 

markets to varying degrees. Thus, an additional assumption we make throughout this analysis is 



that outcomes in higher-dosage HRRs (i.e., HRRs in which hospital closures in the treatment 

year represent a large share of the available hospitals in the area) would have evolved similarly 

as HRRs with lower treatment dosage at the lower treatment level. We cannot explicitly test this 

assumption with our research design. To address this limitation, we supplement our main 

specification with a binary 𝑇𝑟𝑒𝑎𝑡ℎ𝑐 indicator (a 0–1 indicator for any closure in the HRR) that 

solely depends on the basic parallel trends assumptions between treated and untreated HRRs 

discussed above.  

3. Results 

3.1 Summary Statistics 

 Table 1 summarizes the 2011 baseline characteristics of our analytical sample separately 

for HRRs that experienced a hospital closure and those that did not experience a closure between 

2014 and 2018. The sample includes 75 treated HRRs that experienced at least one hospital 

closure, representing approximately 2 million consumers in the credit bureau data, and 231 

comparison HRRs, representing approximately 3.2 million consumers.  

Average credit scores were slightly lower for consumers living in treatment HRRs than 

for consumers in comparison HRRs (656 vs. 667, respectively). However, treatment HRRs had a 

higher percentage of uninsured adults (18 percent) and families below the poverty line (12 

percent) compared to comparison HRRs (15 and 10 percent, respectively) at baseline. Moreover, 

the average 2011 household income in treated HRRs was $4,300 (6 percent) lower than in all 

other HRRs. Approximately 15 percent of consumers in both groups reside in rural zip codes, 

and the age compositions were similar in both groups. HRRs that experienced closures had a 

smaller share of non-Hispanic white adults (8 percentage points lower) and a higher share of 

Hispanic adults (5 percentage points higher). The geographic distribution of consumers in 



comparison HRRs was even across the four Census regions, whereas more than half of 

consumers in treated HRRs (51percent) were in the South, 26 percent were in the West, 16 

percent were in the Midwest, and less than 10 percent were in the Northeast.   

3.2 Hospital Closures and the Incidence of Medical Debt in Collections 

During the year of closure (year 0) and the subsequent year, the incidence of medical debt 

in collections increased in treatment HRRs compared to HRRs that did not experience closures 

during the same period (Figure 1; point estimates are reported in Appendix Table 1). The closure 

of approximately 10 percent of hospitals within an HRR was associated with a 0.70 percentage 

point increase in medical debt in collections during the closure year and a 0.76 percentage point 

increase in the following year, and both estimates were statistically significant. These effects 

represent about a 4 percent increase in the share of adults with medical debt relative to the 

baseline average. The difference in trends in medical debt in collections following closures 

becomes small and insignificant two years after a hospital closure occurs, suggesting that the 

impact of hospital closures on medical debt in collections is not persistent over longer periods.   

Figure 1 also supports our parallel trends assumption. Before a hospital closure, trends in 

medical debt in collections were comparable between the treatment HRRs and comparison 

HRRs, with estimates being small and statistically insignificant relative to the reference year (the 

year before closure). Appendix Table 1 further shows that these pre-closure coefficients are 

jointly insignificant. Together, these findings support the assumption that HRRs that do not 

experience closures serve as an appropriate counterfactual to those that do. 

In Appendix Tables 2 through 4 we estimate additional supplementary specifications to 

our main analysis. In Appendix Table 2 we evaluate the impacts of hospital closures when 

specifying our treatment variable as a binary, rather than continuous, measure. This analysis 



solely depends on the parallel trends assumption between treated and untreated HRRs (i.e. rather 

than an additional assumption about parallel outcome paths for treated HRRs that experienced 

larger/smaller shares of hospitals closing in the treatment year). Appendix Table 2 finds that a 

hospital closure is associated with a 0.46 and 0.52 percentage point increase in the likelihood of 

having any medical debt in collections in the year of the hospital closure and the following year. 

This represents a 2.5 to 2.9 percent increase in medical debt relative to the sample mean, which 

is slightly smaller but qualitatively similar to the results from our main analysis. Appendix Table 

3 shows that our main analysis is not sensitive to the exclusion of 2020, which is both the only 

pandemic year in the analysis and the year in which the sampling frame is larger relative to other 

years (see discussion in data section). In Appendix Table 4, we evaluate how much additional 

medical debt is incurred following hospital closures. We evaluate this in both levels and as a log-

dependent variable—both analyses yield similar results and indicate that, following the closure 

of about 10 percent of hospitals in an HRR, the amount of medical debt in collections increases 

by about 0.8 to 0.9 percent. 

3.3 Investigating Heterogeneity by Poverty, Rurality, Medicare Eligibility, and Medicaid 

Expansion 

In Tables 2 and 3, we evaluate the heterogeneity of the main effects, focusing on 

differential effects by economic, geographic, and policy characteristics. The effects of hospital 

closures on the share of adults with medical debt in collections were more pronounced in areas 

with higher poverty rates. Specifically, a 10 percent reduction in the number of hospitals in areas 

with above-median poverty rates is associated with a statistically significant increase of 0.95 

percentage points (4.1 percent increase) in the share of adults with medical debt in collections in 

both the year of the closure and the year following the closure. However, the impact of hospital 



closures on medical debt in collections did not persist two years after the closure occurred. In 

contrast, we find smaller effects—0.35 and 0.54 in the year of the closure and the year following 

the closure, respectively—of hospital closures on the share of adults with medical debt in areas 

with poverty rates below the median.  

Next, we assess the differential effects of hospital closures based on the rurality of the 

area (Table 2). We do not find significant effects of closures on medical debt in rural areas, as 

indicated by small and statistically insignificant post-closure coefficients. In contrast, we find 

that the effects of hospital closures are concentrated among the residents of urban zip codes. In 

those areas, the closure of 10 percent of hospitals is associated with 0.89 and 1.2 percentage 

point increases in the share of adults with medical debt in the year of the closures and subsequent 

year, respectively.  

Table 3 investigates the impact of hospital closures on medical debt in collections 

separately for adults below and at or above age 65. At 65, adults become age-eligible for 

Medicare, which, for many, provides significant protection from out-of-pocket expenditures. We 

find that for adults age 65 or older, the closure of 10 percent of hospitals is associated with a 3.0–

3.2 percentage point increase in the share of elderly adults with medical debt in collections, 

representing about a 3.6–3.8 percent effect. This effect is only concentrated in the year of 

closure. For adults under age 65, the closure of 10 percent of hospitals is associated with a 6.3–

6.6 percentage points increase in the share of nonelderly adults with medical debt in collections. 

In relative terms, these effect sizes are similar to the elderly population, representing 2.8–3.0 

percent effects relative to the average share of non-elderly adults with medical debt in 

collections. Effect sizes for the non-elderly population are similar in the year after closure, 



although they are no longer statistically significant. We observe no persistence in effects after 

two years after closure.  

The final set of columns in Table 3 evaluates the impact of hospital closures on medical 

debt in collections by state Medicaid expansion status under the ACA. We divide the sample into 

three categories—zip codes in states that expanded Medicaid in 2014, zip codes in states that 

expanded in 2015–2018, and zip codes in states that never expanded Medicaid during our 

analysis period. We find that the effects of closures on medical debt are more pronounced among 

the states that expanded Medicaid (ranging from about 0.93 to 1.4 percentage points in the post-

closure period). Effects in the five states that expanded between 2015 and 2018 are slightly 

larger but estimated with less precision. We find no statistically significant relationship between 

hospital closures and the share of adults with medical debt in non-expansion states. We further 

discuss the potential drivers behind these heterogeneity results in the conclusion.  

3.4 Investigating Mechanisms 

One primary mechanism through which hospital closures may affect the likelihood of 

incurring medical debt in collections is through changes in the number of available hospitals and, 

relatedly, changes in the market concentration of hospitals in an HRR. Descriptively, HHRs 

which experienced an increase in market concentration in the period of analysis, also observed a 

relative increase in medical debt (Figure 2).  

In Table 4, we formally test whether hospital closures led to fewer available hospitals and 

greater hospital market concentration. We first assess whether hospital closures are associated 

with clear and persistent reductions in the number of hospitals in an area. While closures are 

expected to mechanically reduce the number of entities in an HRR, the relationship is not 

necessarily straightforward because a closure could be associated with the entry of other 



hospitals. We find that a 10 percent reduction in hospitals due to closure reduced the number of 

hospitals by approximately 7.9 percent in the year of the closure, with comparable reductions 

remaining throughout the post-closure period (Table 3). This finding implies a persistent decline 

in the supply of hospitals after the closure. Consistently, we also observe a 6–8 percent 

significant increase in market concentration, as measured by the HHI, following hospital 

closures, which also persists throughout the post-closure period. This increase in market 

concentration, a proxy for competitiveness, suggests a decrease in hospital competitiveness after 

closures. 

Altogether, our mechanisms analysis indicates that closures lead to a reduction in the 

number of available hospital entities for consumers to choose from, resulting in increased market 

concentration. These findings suggest a potential association between the rise in medical debt 

collections and the decrease in hospital competitiveness in the HRR, which may result in 

increased prices for hospital services as well as increased efforts from standing hospitals to 

collect on debts. 

4. Discussion 

Overall, we estimate that the closure of 10 percent of hospitals within an HRR is associated 

with a 4 percent increase in the share of adults with medical debt in the year of the closure and 

the following year. This estimated magnitude is similar to the intent-to-treat effect of expanding 

Medicaid broadly to non-disabled, low-income adults. The Oregon Health Insurance Experiment, 

which used a randomized lottery to assign Medicaid eligibility to non-disabled adults, found that 

gaining Medicaid eligibility was associated with about a 5.7 percent reduction in the probability 

of having any medical debt in collections (Finkelstein et al. 2012). Similarly, others found a 3.3 

percent reduction in the probability of medical collection during the last 6 months in states that 



expanded Medicaid under the ACA (Caswell and Waidmann 2017). In contrast, another study 

found much larger effects (i.e., 20–25 percent) associated with Medicare, of which most of the 

population is eligible for and receives at age 65, and therefore this estimate is best interpreted as 

an average treatment effect rather than an intent-to-treat effect (Caswell and Goddeeris 2020). 

Our findings also suggest that hospital closures increased market concentration, which in turn 

led to greater medical debt. We found that hospital closures were associated with an approximate 

6–8 percent increase in market concentration throughout the post-closure period. A prior analysis 

of hospital closures between 1993 and 1998 found that closures led to a one-time, permanent 4 

percent increase in prices (Wu 2008). This finding, along with the plethora of evidence in the 

market concentration literature, suggests that hospital closures increased remaining hospitals’ 

pricing power and, subsequently, medical debt among consumers. However, one limitation of 

this analysis is that we are unable to disentangle this likely price effect from other potential 

mechanisms—for example, changes in aggressive behavior from hospitals in response to the 

decline in competition, changes in consumer use of services and health risk, and spillover effects 

on the local economy. 

Results from our subgroup analysis indicate that the effects of hospital closures on medical 

debt were more pronounced in urban zip codes and those with higher poverty rates, and states 

that expanded Medicaid under the ACA. The concentrated effects in higher-poverty-rate areas 

are consistent with the empirical evidence of medical debt being most prevalent among low-

income families and the hypothesis that lower-income households have a harder time finding 

affordable health services after hospital closures.  

The lack of effects of hospital closures on medical debt in rural areas, and concentrated 

effects in urban areas, is somewhat surprising given that people residing in rural areas face more 



limited hospital options, making them more susceptible to reduced access to hospital services 

and increased exposure to high out-of-pocket expenses (Carroll 2020). However, the rural market 

results are consistent with past work showing very limited effects of rural hospital closure on the 

financial health of residents (Alexander and Richards 2023), while the urban market findings 

corroborate past work showing that hospital closures also have adverse effects on residents of 

urban areas (Buchmueller, Jacobson, and Wold, 2006). Our findings are also consistent with 

prior evidence of a negative relationship between market concentration and costs in urban areas, 

but not in rural areas (Vogel and Miller 1995). Differences in the organizational culture between 

urban and rural hospitals may also contribute to our findings— for example, remaining hospitals 

in rural areas may focus more on their communities and might be less likely to pursue medical 

debt following a closure, whereas urban hospitals may have the means and desire to more 

aggressively collect medical debt after a closure. 

We also found comparable relative effects of hospital closures on medical debt among 

populations above and below age 65. This finding is consistent with the fact that Medicare does 

not provide complete protection from medical bills; in the absence of supplementary coverage 

(e.g., Medigap, Medicaid, or employee or retiree plans), patients still face separate deductibles 

for hospital care, outpatient care, and prescription medicines, as well as a 20 percent cost-share 

for outpatient or other physicians’ services, among other out-of-pocket expenses. 

Finally, while the pronounced effects in Medicaid expansion states are somewhat 

counterintuitive, given that Medicaid expansion served to primarily increase rates of insurance 

among low-income adults, this result is consistent with evidence that most medical debt is 

incurred by people who had insurance at the time the debt was incurred or are more subject to the 

increase of commercial price increases. The expansion versus non-expansion findings can also 



be closely related to the findings in urban versus rural areas—for example, there could be 

stronger community support in non-expansion states following closures because hospitals in 

these areas know that there is a weaker safety net in place without the ACA Medicaid coverage.  

This study provides new and pertinent information to policymakers on the potential 

detrimental effects associated with hospital closures. While past work has documented how 

hospital closures have worsened healthcare quality and health outcomes, findings from this study 

provide insights into how hospital closures, and other actions that can increase market 

concentration (i.e., mergers and acquisitions), can financially harm consumers. Medical debt 

among consumers will continue to be a policy priority, despite recent report changes from credit 

reporting agencies; on April 11, 2023, the three credit bureaus announced the removal of all 

unpaid medical collections tradelines (i.e., specific items) under $500 from consumer credit 

reports. However, even though nearly three-quarters of consumers with medical debt nationally 

will have at least some of this debt removed from their credit reports, about half will continue to 

have medical debt appear on their credit reports (Consumer Financial Protection Bureau 2023). 

In addition, the change in credit reporting practices does not alter the underlying debt that 

consumers owe to healthcare providers. These providers and the third-party collection agencies 

with which they contract can still file civil lawsuits against patients and take other actions to 

collect payment for past-due medical bills. 
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Table 1. Baseline Descriptive Statistics 

      

  

HRRs that 
experienced a closure 
between 2014-2018 

HRRs that did not 
experience a closure 
between 2014-2018 

Individual Level   

Mean credit score 656 667 
Age range shares   

18–26 12% 12% 
27–44 28% 27% 
45–64 30% 31% 
65+ 13% 14% 
missing age 16% 16% 

ZCTA Level   

Share rural 15% 15% 
Share uninsured 18% 15% 
Mean household income (nominal dollars) $70,251 $74,544 
Share of families below poverty line 12% 10% 
Race and ethnicity shares   

White, non-Hispanic 59% 67% 
Hispanic 19% 14% 
Black, non-Hispanic 14% 12% 

Asian, non-Hispanic 5% 5% 
Native Hawaiian & Pacific Islander, non-

Hispanic 0% 0% 
American Indian & Alaska Native, non-

Hispanic 1% 1% 
Other race, non-Hispanic 0% 0% 
Multiple races, non-Hispanic 2% 2% 

Region of HRR of residence   

Midwest 16% 24% 
Northeast 8% 24% 
South 51% 29% 
West 26% 22% 

Number of HRRs 75 231 

Number of consumers 2,003,592 3,210,972 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 to August 2020. Zip code-

level characteristics from Census Bureau’s 5-year American Community Survey files (2007–2011). Urban and rural indicators based on 

2010 Rural-Urban Commuting Area codes from the US Department of Agriculture and the WWAMI Rural Health Research Center. 

Notes: “ZCTA” = Zip code tabulation area. “HRR” = Hospital Referral Region.  

  



Figure 1. Impact of Closure on Share with Medical Debt in Collections 

 

 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 to August 2020. Zip code-

level characteristics from Census Bureau’s 5-year American Community Survey files (2007–2011).  

Notes: Results plot coefficients on interactions between a year relative to a hospital closure and an indicator for whether an HRR 

experiences a hospital closure from a stacked event study regression model (see Equation 1). These regressions include HRR fixed effects, 

indicators for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level contextual factors (reported in Table 

1), an indicator for whether the state the zip code in has expanded Medicaid under the Affordable Care Act, and a zip code–level age 

distribution of consumers with a credit record. Regressions are weighted for the number of consumers in each zip code in the credit bureau 

sample. Standard errors are clustered at the HRR level. 

 

  

     

     

    

    

    

    

         
                            

                                    

                                          



Table 2. Impact of Hospital Closures on Share with Medical Debt in Collections, by 

Poverty and Rural Status 

     

  Poverty Share Rural Share 

 

Above 
Median  

Below 
Median  

Above 
Median  

Below 
Median  

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

Closure Year -3 0.0059 0.0114 0.0165 0.001 

 (0.0384) (0.0308) (0.0424) (0.0476) 

Closure Year -2 -0.0229 0.01 -0.0432 0.0057 

 (0.0297) (0.0229) (0.0305) (0.0367) 

Closure Year 0 0.0946** 0.0345** 0.0265 0.089** 

 (0.0317) (0.0152) (0.0313) (0.0284) 

Closure Year +1 0.095** 0.0542** 0.0021 0.1164** 

 (0.0434) (0.0262) (0.0569) (0.0398) 

Closure Year +2 0.0093 0.0039 -0.0324 0.0154 

  (0.0523) (0.0433) (0.077) (0.0593) 

Observations 292,027 393,654 398,937 286,744 
Mean of Dependent 
Variable 23.23 14.31 18.24 17.93 

Prob > F 0.346 0.909 0.0993 0.955 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 to August 

2020. Zip code-level characteristics from Census Bureau’s 5-year American Community Survey files (2007–2011). Urban and 

rural indicators based on 2010 Rural-Urban Commuting Area codes from the US. 

Notes: Results report coefficients on interactions between a year relative to a hospital closure and a measure for the share of 

hospitals closed (if any) in an HRR during the treatment year in each panel from a stacked event study regression model (see 

Equation 1). These regressions include HRR fixed effects, indicators for each of the unique 6-year panels that have been 

stacked, year fixed effects, zip code level contextual factors (reported in Table 1), an indicator for whether the state the zip code 

in has expanded Medicaid under the Affordable Care Act, and a zip code-level age distribution of consumers with a credit 

record. Regressions are weighted for the number of consumers in each zip code in the credit bureau sample. Standard errors are 

clustered at the HRR level. ** p < 0.05, * p < 0.1 

  
 

  



Table 3. Impact of Hospital Closures on Share with Medical Debt in Collections, by Age 

Group and Medicaid Expansion Status 

      

  Age Group Medicaid Expansion Status 

 

Consumers 
<65  

Consumers 
65+  

Expanded in 
2014 

Expanded 
2015–2018 

Never 
expanded 

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

Closure Year -3 0.0055 -0.0078 0.0394 0.0286 -0.0135 

 (0.035) (0.0199) (0.0433) (0.0511) (0.0533) 

Closure Year -2 -0.0112 -0.0239* 0.0134 0.027 -0.0338 

 (0.0269) (0.0144) (0.035) (0.0309) (0.039) 

Closure Year 0 0.0659** 0.0316** 0.093** 0.1126* 0.0316 

 (0.0222) (0.0138) (0.0335) (0.0663) (0.0251) 

Closure Year +1 0.0669* 0.0208 0.1441* 0.1774 -0.0093 

 (0.0355) (0.0172) (0.0334) (0.1126) (0.0581) 

Closure Year +2 -0.0291 0.0042 0.1088** 0.1026 -0.1195 

  (0.0516) (0.0292) (0.0433) (0.1073) (0.0841) 

Observations 666,894 603,505 373,191 78,862 233,628 
Mean of Dependent 
Variable 22.02 8.27 16.06 18.98 21.09 

Prob > F 0.690 0.135 0.374 0.685 0.582 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 to August 

2020. Zip code-level characteristics from Census Bureau’s 5-year American Community Survey files (2007–2011).  

Notes: Results report coefficients on interactions between a year relative to a hospital closure and an indicator for whether an 

HRR experiences a hospital closure from a stacked event study regression model (see Equation 1). These regressions include 

HRR fixed effects, indicators for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level 

contextual factors (reported in Table 1), an indicator for whether the state the zip code in has expanded Medicaid under the 

Affordable Care Act, and a zip code-level age distribution of consumers with a credit record. Regressions are weighted for the 

number of consumers in each zip code in the credit bureau sample. Standard errors are clustered at the HRR level. ** p < 0.05, * 
p < 0.1 



Figure 2. Correlation Between Change in Medical Debt and Change in HHI from 2011–

2013 to 2018–2020 

 

 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 to August 

2020. Zip code-level characteristics from Census Bureau’s 5-year American Community Survey files (2007–2011). HHI 

calculated based on adjusted admissions and system affiliations reported in the American Hospital Association’s Annual Survey 

Database. 

Note: “HHI” = Herfindahl-Hirschman Index. 

                            

             

              

          

           

               

           

                 

               

           

               

         

           

               

             

         

              

            

           

           

              

                  

   

   

   

 

  

                  
             

                                                



Table 4. Impact of Closures on Number of Hospitals and HHI, Mechanism Analysis 

      

  
Number of Hospitals,           

log transformed 
HHI,  

log transformed  

Closure Year -3 0.0013 -0.0017 

 (0.0013) (0.0024) 
Closure Year -2 0.0011 -0.0013 

 (0.0007) (0.0014) 

Closure Year 0 -0.0079** 0.0056** 

 (0.0015) (0.0022) 
Closure Year +1 -0.0074** 0.0062** 

 (0.0016) (0.0026) 
Closure Year +2 -0.0066** 0.0076** 
  (0.0022) (0.0027) 

Observations 6,450 6,450 
Mean of Dependent 
Variable 2.193 8.046 

Prob > F 0.248 0.676 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 2011 

to August 2020. Zip code–level characteristics from Census Bureau’s 5-year American Community Survey files 

(2007–2011). HHI is calculated based on adjusted admissions and system affiliations reported in the American 

Hospital Association’s Annual Survey Database. 

Notes: “HHI” = Herfindahl-Hirschman Index. Results report coefficients on interactions between a year relative to 

a hospital closure and a measure for the share of hospitals closed (if any) in an HRR during the treatment year in 

each panel from a stacked event study regression model (see Equation 1). These regressions include HRR fixed 

effects, indicators for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level 

contextual factors (reported in Table 1), an indicator for whether the state the zip code in has expanded Medicaid 

under the Affordable Care Act, and a zip code–level age distribution of consumers with a credit record. 

Regressions are weighted for the number of consumers in each zip code in the credit bureau sample. Standard 

errors are clustered at the HRR level. *** p < 0.01, ** p < 0.05, * p < 0.1  
 

  



 

Appendix Table 1. Impact of Hospital Closure on Share with Medical Debt in Collections 

  (1) (2) 

Closure Year -3 0.0138 0.0097 

 (0.0332) (0.0336) 
Closure Year -2 -0.005 -0.009 

 (0.0256) (0.0259) 

Closure Year 0 0.0679** 0.0699** 

 (0.0205) (0.0219) 
Closure Year +1 0.0703** 0.0758** 

 (0.0317) (0.0329) 
Closure Year +2 -0.0114 -0.0023 
  (0.0474) (0.046) 

Fixed Effects Year, Experiment, HRR 

Controls No Yes 

Observations 685,681 685,681 
Mean of Dependent Variable 18.11 18.11 

Prob > F 0.619 0.567 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 

2011 to August 2020. Zip code–level characteristics from Census Bureau’s 5-year American Community 

Survey files (2007–2011). HHI calculated based on adjusted admissions and system affiliations reported in the 

American Hospital Association’s Annual Survey Database. 

Notes: “HHI” = Herfindahl-Hirschman Index. Results report coefficients on interactions between a year 

relative to a hospital closure and a measure for the share of hospitals closed (if any) in an HRR during the 

treatment year in each panel from a stacked event study regression model (see Equation 1). These regressions 

include HRR fixed effects, indicators for each of the unique 6-year panels that have been stacked, year fixed 

effects, zip code level contextual factors (reported in Table 1), an indicator for whether the state the zip code in 

has expanded Medicaid under the Affordable Care Act, and a zip code–level age distribution of consumers 

with a credit record. Regressions are weighted for the number of consumers in each zip code in the credit 

bureau sample. Standard errors are clustered at the HRR level. *** p < 0.01, ** p < 0.05, * p < 0.1  
 



Appendix Table 2. Estimating the Impact of Closure on Share with Medical Debt in 

Collections using a Binary Treatment Variable 

  (1) (2) 

Closure Year -3 -0.0089 0.0288 

 (0.2497) (0.2501) 
Closure Year -2 -0.0101 0.0116 

 (0.1758) (0.174) 

Closure Year 0 0.4466** 0.4565** 

 (0.1206) (0.1236) 
Closure Year +1 0.5075** 0.5154* 

 (0.2564) (0.2631) 
Closure Year +2 0.1811 0.2047 
  (0.3934) (0.3811) 

Fixed Effects Year, Experiment, HRR 

Controls No Yes 

Observations 685,681 685,681 
Mean of Dependent Variable 18.11 18.11 

Prob > F 0.998 0.992 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 

2011 to August 2020. Zip code–level characteristics from Census Bureau’s 5-year American Community 

Survey files (2007–2011). HHI calculated based on adjusted admissions and system affiliations reported in the 

American Hospital Association’s Annual Survey Database. 

Notes: “HHI” = Herfindahl-Hirschman Index. Results report coefficients on interactions between a year 

relative to a hospital closure and an indicator for whether an HRR experiences a hospital closure from a 

stacked event study regression model (see Equation 1). These regressions include HRR fixed effects, indicators 

for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level contextual factors 

(reported in Table 1), an indicator for whether the state the zip code in has expanded Medicaid under the 

Affordable Care Act, and a zip code–level age distribution of consumers with a credit record. Regressions are 

weighted for the number of consumers in each zip code in the credit bureau sample. Standard errors are 

clustered at the HRR level. *** p < 0.01, ** p < 0.05, * p < 0.1  



Appendix Table 3. Investigating Sensitivity of Main Analysis to Excluding 2020 Analysis 

Year 

  (1) (2) 

Closure Year -3 0.0155 0.0156 

 (0.0359) (0.0364) 
Closure Year -2 0.0118 0.0105 

 (0.0256) (0.0257) 

Closure Year 0 0.0729** 0.0771** 

 (0.0236) (0.0254) 
Closure Year +1 0.0729** 0.0809** 

 (0.0354) (0.0373) 
Closure Year +2 -0.0284 -0.011 
  (0.0575) (0.0569) 

Fixed Effects Year, Experiment, HRR 

Controls No Yes 

Observations 568,376 568,376 
Mean of Dependent Variable 18.42 18.42 

Prob > F 0.894 0.908 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 

2011 to August 2020. Zip code–level characteristics from Census Bureau’s 5-year American Community 

Survey files (2007–2011). HHI calculated based on adjusted admissions and system affiliations reported in the 

American Hospital Association’s Annual Survey Database. 

Notes: “HHI” = Herfindahl-Hirschman Index. Results report coefficients on interactions between a year 

relative to a hospital closure and an indicator for whether an HRR experiences a hospital closure from a 

stacked event study regression model (see Equation 1). These regressions include HRR fixed effects, indicators 

for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level contextual factors 

(reported in Table 1), an indicator for whether the state the zip code in has expanded Medicaid under the 

Affordable Care Act, and a zip code–level age distribution of consumers with a credit record. Regressions are 

weighted for the number of consumers in each zip code in the credit bureau sample. Standard errors are 

clustered at the HRR level. *** p < 0.01, ** p < 0.05, * p < 0.1  



Appendix Table 4. Impact of Hospital Closures on the Amount of Medical Debt in 

Collections 

  

Average 
Medical Debt 
in Collections 

Log of Average Medical 
Debt in Collections 

Closure Year -3 -0.8092 -0.0025 

 (3.4987) (0.0059) 
Closure Year -2 0.3583 -0.0006 

 (2.6596) (0.0036) 

Closure Year 0 4.6856** 0.0084** 

 (1.4741) (0.0026) 
Closure Year +1 5.6655* 0.0095** 

 (3.1213) (0.0037) 
Closure Year +2 -0.8445 0.0025 
  (2.9938) (0.005) 

Fixed Effects Year, Experiment, HRR 

Controls Yes Yes 

Observations 685,681 569,235 
Mean of Dependent Variable 482.2 5.426 

Prob > F 0.726 0.875 
Source: Individual-level credit information from Urban Institute analysis of credit bureau data from August 

2011 to August 2020. Zip code–level characteristics from Census Bureau’s 5-year American Community 

Survey files (2007–2011). HHI calculated based on adjusted admissions and system affiliations reported in the 

American Hospital Association’s Annual Survey Database.  

Notes: “HHI” = Herfindahl-Hirschman Index. Results report coefficients on interactions between a year 

relative to a hospital closure and an indicator for whether an HRR experiences a hospital closure from a 

stacked event study regression model (see Equation 1). These regressions include HRR fixed effects, indicators 

for each of the unique 6-year panels that have been stacked, year fixed effects, zip code level contextual factors 

(reported in Table 1), an indicator for whether the state the zip code in has expanded Medicaid under the 

Affordable Care Act, and a zip code–level age distribution of consumers with a credit record. Regressions are 

weighted for the number of consumers in each zip code in the credit bureau sample. Standard errors are 

clustered at the HRR level. *** p < 0.01, ** p < 0.05, * p < 0.1  
 

 

 


