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a b s t r a c t 

In the large literature on the spatial-level correlates of COVID-19, the association between quality of hospital care 

and outcomes has received little attention to date. To examine whether county-level mortality is correlated with 

measures of hospital performance, we assess daily cumulative deaths and pre-crisis measures of hospital quality, 

accounting for state fixed-effects and potential confounders. As a measure of quality, we use the pre-pandemic 

adjusted five-year penalty rates for excess 30-day readmissions following pneumonia admissions for the hospitals 

accessible to county residents based on ambulance travel patterns. Our adjustment corrects for socio-economic 

status and down-weighs observations based on small samples. We find that a one-standard-deviation increase in 

the quality of local hospitals is associated with a 2% lower death rate (relative to the mean of 20 deaths per 

10,000 people) one and a half years after the first recorded death. 
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. Introduction 

The COVID-19 pandemic has highlighted the importance of quality

f medical care. There is a large variation in this across geographical

pace in the US ( Finkelstein et al., 2016; Skinner, 2011; Kibria et al.,

013 ). Yet relatively little of the research examining COVID outcomes

t the spatial level has considered the association with the quality of

ospital care accessible to residents. Far more studies have focused on

he association with community-level or state measures to control the

pread of the pandemic (e.g., stay-at-home orders) and features of the

ocal community (e.g., trust, socio-economic status of residents, political

ffiliation, ethnic composition). 

This paper examines whether the quality of medical care at the US

ounty level is associated with better outcomes. Specifically, we ask

hether the quality of hospital care accessible to communities before

he pandemic is associated with mortality due to COVID-19. We exam-

ne this from the date of the first documented occurrence in the US (22nd

anuary 2020) up to 531 days later, a period covering learning about

he new disease, announcement and implementation of county and state

evel mobility restrictions to control its spread, and the large-scale vac-

ine roll-out. We use measures of the quality of hospital care derived

rom those used in the national flagship Hospital Readmission Reduction

rogram [HRRP]. This program applies financial penalties to hospitals

hat are deemed to be of poor quality, as measured by excess readmis-

ion rates for three key conditions: acute myocardial infarction (heart at-
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ack) [AMI], heart failure [HF], and pneumonia [PN]. For our purposes,

neumonia is particularly relevant as COVID-19 is a respiratory illness. 1 

e adjust the published annual measures to derive a medium-run fixed

easure of pre-pandemic quality, which measures the probability of be-

ng penalized in pneumonia treatment ( Kunz et al., 2020 ). Our measure

ddresses concerns in using the published rates, including the extent of

isk adjustment, regression towards the mean, and the influence of low

olumes on the rate precision, and also accounts for the fact that some

ospitals are never penalized whilst others always are. Importantly, our

nalysis deals with the fact that hospital markets in the US are larger

han counties. The appropriate market definition is one that is based on

he travel patterns of individuals who have used emergency care, and

hat may cross county boundaries (e.g. Chandra et al., 2016; Wennberg

nd Cooper, 1998 ). Our measure accounts for variation in quality at this

arket level. We also account for a large array of factors at the county

evel shown to be associated with the spread of the virus, including the

umber of confirmed cases, access to health insurance, the extent of

accination, county political affiliation, and social capital. 

Given the extensive literature on COVID 19 and community-level

ifferences, we hypothesize that the relationship between quality and

eath rates will vary by spatial and social characteristics of communi-

ies. We also explore potential mechanisms by which quality matters: in

articular, are there aspects of the quantity and composition of health-

are supply available to county residents that are particularly relevant?
.ac.uk (C. Propper) . 

1 https://www.webmd.com/lung/COVID-and-pneumonia#1 . 
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3 We merge counties, using the United States’s Federal Information Process- 

ing Standards [FIPS], to zip-codes (Source: https://data.world/niccolley/us- 

zipcode-to-county-state , accessed, 16 April 2020) and zip codes to HRRs (Source: 

https://atlasdata.dartmouth.edu/static/supp_research_data#crosswalks , ac- 

cessed, 16 April 2020). Several counties have referral ties to two or more 

HRRs. 
4 An alternative to averaging across hospitals is to use a weighted average 

across hospitals that weight them according to their size (as measured by beds). 

We also do this and find qualitatively similar results (and slightly stronger) than 

those without this weighting. As we prefer to make more conservative choices 

where possible, we do not do this weighting in our main analysis. 
5 The equally weighted approach would place Autauga County at the 62.84th 

percentile of the quality distribution. 
6 We prefer the non-population weighted approach as our main specification 

rather than that in Nanda et al. (2021) as the population is part of our outcome 

variable (we examine deaths per 10,000 population). Thus our results could 
e, therefore, examine heterogeneity in the association between deaths

nd quality by a large set of characteristics of the country and its health-

are supply. 

We find that pre-pandemic hospital quality correlates strongly with

igher death rates from COVID-19 at the county level. However, our

uality of care measure is not predictive of cases (i.e., the spread) of

OVID-19, vaccination rates, or both all-cause and AMI pre-pandemic

ortality after accounting for potential county-level confounders and

tate-level fixed-effects. As these outcomes are all likely to be associ-

ted with unobserved measures of health and thereby with COVID-19

eath rates, this supports our contention that we are isolating a hos-

ital quality effect. Assessing spatial heterogeneity in this relationship,

e find that the association of quality and lower death rates is stronger

n counties where the population is less economically advantaged, has

ess access to health insurance, and has lower levels of social capital. In

erms of potential mechanisms, we find evidence that the relationship

etween higher quality and lower deaths is stronger where the popula-

ion has access to more hospital-based doctors. 

Our finding that quality is associated with the COVID-19 death

ate contrasts with a handful of studies examining deaths and vari-

us measures of hospital quality early on in the pandemic in the USA.

anter et al. (2020) and Knittel and Ozaltun (2020) find no associ-

tion at the county level between deaths and current ICU beds per

apita. Desmet and Wacziarg (2020) find no association with hos-

ital risk-adjusted 30-day mortality rates for AMI, HF, and PN. Our

onger time period allows us to show that the association between

eaths and hospital quality was initially zero and then become nega-

ive (i.e., better quality was associated with fewer deaths) after about

 year after the first death was recorded. This change over time mir-

ors findings by Das Gupta et al. (2021) for nursing homes. Desmet and

acziarg (2021) and Allcott et al. (2020) more generally show changing

andemic patterns over time. This time pattern may have confounded

tudies that examined only the initial stages of the pandemic. In addi-

ion, other studies of hospital quality and outcomes for the USA have

ot taken into account travel patterns that cross county boundaries in

easuring quality; rather, they relied on within-county measures. Our

nding that the association between quality and deaths is larger in less

conomically and socially advantaged counties potentially indicates a

igher return to the quality of medical care during the pandemic in

isadvantaged communities. Our finding that hospital doctors, but not

ther hospital facilities, matter for the treatment of COVID-19 echoes

he detailed hospital-based study of Souza-Silva et al. (2022) . 2 

The paper is structured as follows. In Section 2 , we discuss how we

ssign hospital referral region quality to counties, measure quality, the

ata we use, our empirical specification, and examine heterogeneity and

ossible healthcare supply-side mechanisms that may determine quality.

e present the results in Section 3 and discuss these in Section 4 . 

. Estimation strategy and data 

Our aim is to examine the association, at the county level, between

eaths per 10,000 persons and the quality of care accessible to residents.

o do this, we need to assign quality measured at the relevant market

evel (i.e., Hospital Referral Regions - HRR thereafter) to each county

nd use a measure of hospital quality that is not driven by year-on-year

ariation, which may primarily reflect noise. We begin by describing

ow we assign hospital quality measured at the HRR level to a county

nd then define our preferred measure of quality. 
2 Our findings also relate to literature on the value of healthcare (e.g. Cut- 

er, 2005) and to one that finds considerable persistence in health outcomes 

cross geography in the context of COVID-19: for example, Ru et al. (2021) , 

in and Meissner (2020) , Lin and Meissner (2020) and Clay et al. (2020) . 

s
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H
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.1. Assigning a HRR measure to the county level 

First, we classify an HRR by the average quality, 𝜇ℎ𝑟𝑟 , of the hospitals

t covers. Second, we assign to each county 𝑐 a weighted average of the

uality exposure, which is equal to the fraction of zip codes that belong

o the referral network. 3 Weights are the number of zip codes 𝑖 in a

ounty that merge into an HRR, divided by the total number of zip codes

n the county, i.e. 

uality 𝑐 ℎ𝑟𝑟 = 

∑

𝑖 

# zip 𝑖 ℎ𝑟𝑟 ∑
# zip 

𝜇ℎ𝑟𝑟 . (1)

or example, Autauga County comprises 13 zip-codes, 4 of which belong

o HRR Birmingham and 9 to HRR Montgomery, with hospital quality

verages of 0.34 and 0.28, respectively (where lower numbers reflect

oorer quality). In this example, the assigned weighted quality expo-

ure is 0.30. This places Autauga County in the 62.94th percentile of the

ounty quality distribution, which has a mean of 0.38 and a standard de-

iation of 0.12. We refer to this approach as “zip-weighted ”. We average

cross hospitals within a given HRR to derive quality at the HRR level

nd use Eq. (1) to calculate exposure at the county level. 4 We use three

ther weighting methods as robustness checks. First, we calculate qual-

ty exposure as the average of all HRRs a county has referral ties to with-

ut weighing by how many zip codes in a county belong to an HRR. In

his case, Autauga would have a quality of (0 . 34 + 0 . 28)∕2 = 0 . 31 . 5 We re-

er to this as an “equally-weighted ” quality exposure. Second, we calcu-

ate a zip-code population-weighted approach. Third, we use a recently

eveloped crosswalk between HRRs and counties that also accounts for

he population from the Dartmouth Atlas ( Nanda et al., 2021 ). 6 , 7 

.2. HRR-level quality measure 

Our measure of medium-term HRR quality, 𝜇ℎ𝑟𝑟 , and variations

hereof is based on the publicized annual penalty status of hospi-

als due to excess pneumonia readmissions, administered by the Cen-

ers for Medicare & Medicaid Services [CMS]. Readmissions for emer-

ency conditions are frequently used as a measure of hospital qual-

ty (e.g. Gaynor et al., 2011 ; Axon and Williams, 2011) . From 2012

nwards, Medicare reduced reimbursements to hospitals if their risk-

djusted excess readmission ratio is one of three emergency conditions

PN, AMI, and HF) was larger than one in a three-year period, that is,

f the hospital had more readmissions than the average hospital with

 similar case-mix ( McIlvennan et al., 2015 ). This published CMS mea-

ure of excess readmissions predicts market share ( Chandra et al., 2016 ),
uffer from division bias when the population is included in the main regressor 

i.e. Borjas, 1980) . 
7 A further approach would be to use death rates at the zip-code level. While at 

he zip-code level, there is a unique correspondence to HRRs, the zip-code death 

ate is not yet available on a national scale. Moreover, given the movement of 

atients across areas due to the disruptive effects of COVID-19 on hospitals, 

RRs are the more appropriate level for hospital assignment. 

https://data.world/niccolley/us-zipcode-to-county-state
https://atlasdata.dartmouth.edu/static/supp_research_data\043crosswalks
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s highly correlated with other important measures of hospital quality

 Kunz et al., 2020 ) and has been validated by an instrumental vari-

ble approach based on rotational random ambulance-assignment

 Doyle et al., 2019 ). Risk-adjusted readmissions may not measure latent

uality if there is selection by patients ( Doyle et al., 2015 ) or hospi-

als ( Gupta, 2021 ). However, as the measure is based on admissions for

mergency conditions, there is limited scope for self-selection ( Chandra

t al., 2016; Garthwaite et al., 2020 ). In our context, patient and hos-

ital selection are possibly even less of a concern since we aggregate

he average quality of hospitals to the HRR level. In addition, it is un-

ikely that patients with emergency conditions travel beyond HRR bor-

ers. However, as the official CMS risk adjustment is only based on age,

ex, and co-existing conditions, we further risk adjust for local socio-

emographic variation by extracting a medium-run measure of quality,

sing a panel fixed-effect approach for the financial years 2011–2015 as

n Kunz et al. (2020) . In brief, Kunz et al. (2020) derive a (condition)-

ospital-specific measure of medium-run quality from longitudinal ob-

ervations of the penalty status. Further adjustments are undertaken so

hat the measure does not suffer from regression-to-the-mean and the

easure shrinks automatically to a no-quality benchmark. 8 

In robustness tests, we examine three other measures of hospital

uality, which we expect to be less appropriate than our preferred mea-

ure. The first is the average of three penalized conditions constructed

n the same way as the measure for pneumonia and measures the condi-

ional hospital propensity to be fined in any of the three conditions (AMI,

F, and PN), see Kunz et al. (2020) . As this is the average of three qual-

ty measures, two of which are not primarily respiratory conditions, it is

 noisier signal of quality related to COVID treatment and we, therefore,

xpect the association to be less precise. The second and third measures

o not have the regional risk adjustment and peer benchmarking embed-

ed in our derived quality measure. These are the CMS published raw

xcess readmission ratio for pneumonia readmissions (risk adjustment

nly based on age, gender, and comorbidities) and the CMS published

0-day mortality rate following pneumonia admissions (no risk adjust-

ent). 

.3. Outcome measures 

Our primary outcome is the cumulative county-level deaths per

0,000 individuals. The data are from the Centers for Disease Control

nd Prevention [CDC] and state- and local-level public health agencies

nd are aggregated by USAFacts. We use data from January 22nd, 2020

first recorded death) to the 1st of July 2021 (531 days later). 9 Our data

re cumulative deaths for every day from day 1 to day 531. 

We examine four other outcomes in robustness tests. These are the

umulative number of cases per 10,000, the cumulative number of fully

accinated persons per 10,000 for our sample period, and the CDC all-

ause and AMI mortality rate for each year between 2016 and 2019. 

.4. Empirical specification 

We use OLS to estimate the association between HRR quality and

onthly cumulative COVID-19 deaths since the first observed COVID-
8 Kunz et al. (2020) show that this measure correlates within hospitals across 

he three penalized conditions and across hospitals with the overall readmis- 

ions, mortality rates, and patient satisfaction. These are all measures that have 

een used to assess hospital quality of care but are not used to penalize bad 

erformance. More details on the estimation method are in Kunz et al. (2021) . 
9 Until April 14, 2020 [84 days after the first death in the data], only the 

isease deaths – that is, deaths in a hospital accompanied by a positive COVID- 

9 test – were counted as COVID-19 deaths. After this date, the US included 

robable deaths, that is “those with no confirmatory laboratory testing, but that 

eets various other criteria such as showing symptoms of COVID-19, having 

een exposed to others with the disease, having COVID-19 listed as the cause 

f death on the death certificate ”, in the disease death count ( Aliprantis and 

auber, 2020 ). 

𝑞  

w  

t  

e  

u

2

 

i  
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3 
9 death in the US: 

 𝑐,𝑡 = 𝛼𝑡 + 𝜏𝑡 𝑞𝑢𝑎𝑙𝑖𝑡𝑦 𝑐 + 𝑥 ′
𝑐 
𝛽𝑡 + 𝑧 ′

𝑐 𝐻𝑅𝑅 
𝛾𝑡 + 𝛿𝑠,𝑡 + 𝜀 𝑐,𝑡 (2) 

here 𝑦 𝑐,𝑡 is the cumulative deaths in county 𝑐 divided by population

𝑜𝑝 𝑐 ∕10 , 000 in month 𝑡 , the covariate vector 𝑥 contains county level and

 𝑐 ℎ𝑟𝑟 
HRR-weighted level correlates, 𝛿𝑠 are state fixed-effects and 𝜀 𝑐 is the

rror term. We use county-level clustered standard errors throughout.

e begin by estimating this for each month separately to show the time

rends in the association. In our main analyses, we focus on the last date

n our data and run a single cross-sectional regression for this date, using

obust standard errors. 

The main concern in estimating the spatial correlation between hos-

ital network quality and county-level death rates is the presence of

mitted variables that correlate with both the death rate and weighted

uality. We take several steps to overcome this. First, as noted above, our

easure of hospital quality is the fixed-effect extracted from measures

or the years 2011–2015, i.e. quality before the onset of the COVID-19

andemic, after accounting for several potential determinants of quality

f health care at the hospital, county, and HRR level. Second, we include

 large number of controls at the county level that have been examined

n previous research on the association between cases (or deaths) and

ounty-level characteristics (detailed in Section 2.5 ). Third, we include

tate fixed-effects to control for differences in policy responses across

tates ( Knittel and Ozaltun, 2020 ). 

Finally, we undertake three additional tests. We first examine the

umulative number of confirmed cases to assess whether our quality

easure is actually measuring hospital quality, as opposed to poten-

ial confounders that affect deaths via an increase in the spread of the

irus. If hospital quality is predictive of cases, it may indicate that we

re not isolating the hospital quality but instead have a measure corre-

ated with underlying conditions that also affect the spread of the virus.

econd, we assess whether higher pre-pandemic health care quality pre-

icts vaccination rates. A relationship would suggest that unobserved

actors correlated with quality may be driving our results. Third, to ex-

mine (absence of) pre-trends, we examine the association between pre-

andemic all-cause mortality (from the CDCs) and our quality measure

or the years 2016–2019. This provides an assessment of whether pre-

orbidity levels in certain areas are higher than in others, conditional

n our covariates. If this were the case, then hospitals in these areas

ould already be serving populations with poorer pre-pandemic health,

nd this, rather than hospital quality, could be driving our results. As

he second test of pre-trends, we examined the relationship between

ur quality measure and mortality rates from heart attacks (AMI). As

OVID, these require timely hospital care, and AMI mortality is often

sed as measures of quality of hospital care, e.g., Gaynor et al. (2011) . 

To test for differences in the relationship between quality and death

ates by spatial and social characteristics of communities and to explore

he mechanism by which quality matters, we examine heterogeneity in

he association between deaths and quality by a large set of character-

stics of the country and its healthcare supply. We replace the quality

easure in Eq. (2) with two interactions, 

𝑢𝑎𝑙𝑖𝑡𝑦 × 1[ 𝑥 < 𝑚𝑒𝑑( 𝑥 )] + 𝑞𝑢𝑎𝑙𝑖𝑡𝑦 × (1 − 1[ 𝑥 < 𝑚𝑒𝑑( 𝑥 )]) , (3)

here 𝑥 is a set of area characteristics (detailed below) and 𝑚𝑒𝑑 indicates

he median. This is similar to estimating separate regressions but is more

fficient as the fixed-effects, and county-level measures are estimated

sing the full sample. 10 

.5. Control variables 

At the county level, we include a large number of local controls, as

nformed by the extensive research on the correlates of COVID-19 at this
10 The relevant dummy variable is included in the set of controls in these anal- 

ses. 
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patial level. 11 Our controls are measures of the economic and social sta-

us of the population (poverty rate, median household income, shares

f different levels of educational attainment) and demography (popula-

ion density, urbanity, average household size, single-adult households

ges 65 and older, share aged 65 and older; residential segregation);

thnicity of the population (share of foreign-born residents, minority

hares – non-Hispanic black, Hispanic, and other); measures of commu-

ity health (population share in poor or fair health, population life ex-

ectancy, and premature deaths); measures of the population access to

ealth care and primary care (share without health insurance, access to

ocal primary healthcare); health behaviors (share with flu vaccinations

nd smoking rates); air pollution; commuting patterns (driving alone

o work or having a long commute); and measures of local social cap-

tal (community and institutional capital and Republican vote share in

020). 12 At the HHR level, we include the availability of hospital care

nd hospital market concentration. 13 Descriptive statistics for the con-

rols are in Table A3. 14 

For our assessment of spatial heterogeneity and possible mecha-

isms, we examine three sets of area characteristics. The first two sets

re subsets of the control variables. The first contains county measures

f demographic composition and socio-economic status (SES). These in-

lude the population share living in poverty, share without health in-

urance, age-adjusted premature mortality rate, residential segregation,

nd share of minorities (i.e., 1 - share of white non-Hispanic) in the

ounty. The second set is the county’s social and institutional capital

nd political affiliation, measured by the Republican vote share in 2020.

he third set focuses on healthcare supply features to characterize what

spects of healthcare supply may be driving any associations we find.

he measures include the number, type (teaching or not), and staffing

ix of hospitals accessible to the county and whether the state imple-

ented financial COVID related support for hospitals during the period

e examine. 15 
11 Among other papers, individual characteristics associated with a higher 

isk of death from COVID-19 are studied in de Lusignan et al. (2020) and 

iemers et al. (2020) . Community characteristics that have received atten- 

ion include demographic composition, race and ethnic status ( Asch et al., 

021; Wiemers et al., 2020; Borjas, 2020; McLaren, 2020; Williams and Cooper, 

020 ), socio-economic status ( Wiemers et al., 2020 ), risk attitudes ( Chan et al., 

020 ), self-protecting, risky and health behaviors ( McLaren, 2020; Papageorge 

t al., 2020 ), health insurance status ( Clay et al., 2020 ), mobility patterns ( Ding 

t al., 2020; Chan et al., 2020 ), local physical environment (pollution, cli- 

ate, e.g. Furzer and Miloucheva, 2020 ), levels of social cohesion and trust 

 Ding et al., 2020; Borgonovi and Andrieu, 2020 ), exposure to misinforma- 

ion ( Bursztyn et al., 2020 ), past public health performance ( Lin and Meiss- 

er, 2020 ), and the impact of local or state-level policies to halt the spread of 

OVID-19, such as stay at home orders ( Barrios et al., 2020; Brodeur et al., 

020; Dave et al., 2020; Friedson et al., 2020; Lyu and Wehby, 2020; Sen et al., 

020 ), strong social distancing measures ( Courtemanche et al., 2020 ) and mask- 

earing ( Chernozhukov et al., 2020 ), or the Republican vote share in 2020 

 Gadarian et al., 2021 ). 
12 The social and community capital measures are constructed by the 

.S. Congress (2018) . The community social capital (called community health 

ndex) is derived from a principal component analysis using measures including 

Share of adults who report having volunteered for a group in the past year ”, 

Share who report having worked with neighbors to fix/improve something in 

ast year ”, “Membership organizations per 1,000 ”. The institutional social cap- 

tal (called institutional health index) uses “Average (over 2012 and 2016) of 

otes in the presidential election per citizen age 18+ ”, “Mail-back response 

ates for 2010 census ”, “Share of adults reporting some or great confidence in 

he media to do what is right ”, and “Share of adults reporting some or great 

onfidence in public schools to do what is right ”. 
13 We use the same weighting approach as our quality measure to assign these 

RR market measures to the county level, cf. Eq. (1) . 
14 For a small number of variables and counties, information on some covari- 

tes is missing. We recode them as zero and include an indicator for missing 

alues of the covariate. Our results do not hinge on this imputation. 
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. Results 

Fig. 1 , Panel A, shows the spatial distribution of our measure of the

uality of hospital care. It shows substantial variation in quality across

ounties, with lower quality (darker colors) being concentrated on the

astern side of the USA. Panel B presents the measure after conditioning

he control variables, allowing for differences in the underlying health

f the population. The impact of the inclusion of controls is to spread

he locations with poorer quality outside the eastern side of the USA. 

Fig. 2 presents the evolution of the association between quality and

eaths over time. It presents estimates of Eq. (2) for each 30-day window

ince the pandemic began, including as controls cumulative cases, state

xed-effects, and our extensive set of covariates. From day 331, the re-

ressions further include the county-level vaccination rates. There is no

tatistically significant association between hospital quality and deaths

or about a year after the first death. However, a little before the intro-

uction of vaccinations, hospital quality becomes positively associated

ith lower death rates. This association becomes statistically significant

fter a year or so after the first deaths. 

Table 1 present the association of deaths (Panels A and B), cases

Panel C), and vaccinations (Panel D) at day 531. For deaths, the esti-

ates are conditional on cases, and state fixed-effects in Panel A and on

ll covariates in Panel B. Panel B also presents the predicted difference

elative to the mean for a one-standard-deviation change in our quality

xposure measure (i.e., 0.12). Column (1) presents our preferred mea-

ure of quality. Columns (2) - (4) show robustness to different weighting

ethods using our preferred measure of pneumonia readmissions as the

easure of quality, and Columns (5)-(7) show robustness to alternative

uality metrics. 

Panel A shows, as a benchmark, the raw correlation between mea-

ures of quality and deaths, allowing only for cumulative cases and state

xed effects. This is generally negative though the association with our

referred measure in column (1) - and that of two of the three differently

eighted variants (columns 2 and 3) - is not statistically significant. 

Panel B presents results conditional on all controls. It shows that ex-

osure to higher pre-pandemic hospital quality in treating pneumonia

atients is highly predictive of total lower realized death rates for all

ethods of assigning quality as measured by adjusted pneumonia ad-

issions to a county (columns 1–4). Columns (5)-(7) show the results

or other quality measures. The estimates in column (5) use our medium-

un, pooled, a fixed quality measure for AMI, HF, and PN ( Kunz et al.,

020 ). The association with deaths is negative but much less precisely

stimated. As COVID-19 materializes as a respiratory condition, this

eaker association with a broader quality measure (i.e., not just qual-

ty of treatment of a respiratory condition) provides support that we are

howing a hospital quality-death relationship. Columns (6) and (7) show

igher estimates of the association with the CMS published rates of read-

issions and mortality from pneumonia, respectively. These measures

ave less risk adjustment than our measure, and these associations thus

ay be picking up a positive relationship between population health

tatus and outcomes. 

Using our preferred measure in column (1), a one standard devia-

ion increase in quality exposure is estimated to decrease deaths by 3.1

ercent from the mean ( −(5 . 282 ⋅ 0 . 12)∕20 . 52 ), or 21.2 deaths per 10,000

eople. Whilst the coefficient estimates are higher for the other quality

easures, the estimated magnitude of the percentage change relative to

he mean is, in fact, very similar across the other weighting methods and

easures of quality ranging between 2.5-3.1 percent (perhaps column

 excepted, which is likely an upper-bound as it disregards any distance

o hospitals). 

In Panels C and D, we test whether unobservables drive these esti-

ates by examining the cumulative association between cases (Panel C)
15 The healthcare supply characteristics are excluded from the control set, but 

ealthcare demand factors are included. 
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Table 1 

Main results and alternative weighting and quality measures. 

Dependent variable: Cumulative deaths and cases on July 1, 21 (531 days after first death) 

Alternative weighting Alternative quality metric 

Zipcode Dartmouth Equal Pooled Readmission Mortality 

Base Population Atlas weight quality ratio (PN) rate (PN) 

(1) (2) (3) (4) (5) (6) (7) 

Panel A. Death per 10,000 capita, conditional on cases and state fixed effects 

quality -3.382 -2.903 -3.277 -5.955 0.540 -20.127 -131.393 

(1.976) (1.954) (1.867) (2.102) (2.977) (7.095) (33.194) 

𝑅 2 0.299 0.299 0.289 0.300 0.299 0.300 0.303 

Panel B. Death per 10,000 capita, conditional on full set of controls 

quality -5.282 -4.929 -4.442 -7.105 -4.731 -13.258 -74.027 

(1.791) (1.770) (1.700) (1.871) (2.665) (6.830) (29.132) 

Pre. change rel. to mean -0.031 -0.029 -0.027 -0.040 -0.020 -0.025 -0.026 

𝑅 2 0.508 0.508 0.505 0.509 0.508 0.508 0.508 

Panel C. Cases per 10,000, conditional on full set of controls 

quality -0.009 -0.022 -0.107 -0.033 0.380 0.002 -3.192 

(0.155) (0.148) (0.093) (0.211) (0.305) (0.549) (1.799) 

Panel D. Vaccination per 10,000, conditional on full set of controls 

quality 0.605 0.480 -0.813 -1.572 3.395 -11.784 44.534 

(1.172) (1.112) (0.873) (1.224) (2.677) (5.000) (23.001) 

N 3,140 3,140 2,940 3,140 3,140 3,140 3,140 

Mean deaths 20.52 20.52 20.60 20.52 20.52 20.52 20.52 

Std. dev. quality 0.120 0.121 0.127 0.114 0.085 0.038 0.007 

Notes : Table presents association between quality and deaths from COVID-19. Panel A shows cumulative deaths (conditional only on cases and state fixed effects), 

B adds all controls, C replaces the outcome in B with cases, and D with vaccination rates. Column (1) is our main specification corresponding to the last point 

in Fig. 2 . In Columns (2)-(4), we use alternative ways to weigh the HRR quality. In (2), using population in each zip-code (based on census 2010 counts), in 

(3) using a newly developed crosswalk also based on a population derived by Nanda et al. (2021) . There is a lower number of observations as their approach 

to assigning quality is slightly more restrictive but similar overall. In (4), we use the broadest measure that weights each HRR a county has access to equally. 

Columns (5)-(7) again use our preferred weighting approach but varies the measure of HRR quality. In (5), we use the same approach as in our main quality 

measure, but all emergency conditions are covered by HRRP, including acute myocardial infarction [AMI] as well as heart failure [HF]. In (6), we use the official but 

uncorrected for regional differences and small counts, thus raw, excess readmission ratio for pneumonia readmissions. In (7), we present the 30-day mortality rate 

following PN admissions (a non-risk-(nor regional differences)-adjusted indicator). In Panel B, we also present the Predicted change relative to the mean is calculated 

as 𝛽 ∗ 𝑠𝑡𝑑( quality )∕ E [ 𝑦 ] (std = standard deviation of quality metric, which is 0.12 in Column 1 for example), both mean of deaths and standard deviation of quality 

are shown at the bottom of the Table. Source: USFacts (Jul 7, 21), CMS 2011–2015, Dartmouth Atlas of Health Care, and others described in Appendix Table A3, own 

calculations. 

Fig. 1. County-level spatial distribution of HRR quality exposure and deaths per 10T population Note : Panel A presents our zip-code weighted measure of county- 

level exposure to high quality Hospital Referral Regions (HRR), measured as the risk-adjusted longitudinal hospital penalty status for readmissions from pneumonia 

admissions based on the years 2011–2015. Panel B presents the residualised measure regressing out covariates considered in the main analysis, see Fig. 2 for the full 

set of covariates. Appendix Figure A1 shows analogous maps for the outcome measure of deaths from Covid-19 per capita. Source: CMS 2011–2015, Dartmouth Atlas 

of Health Care, and others described in Appendix Table A3, own calculations. 
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nd vaccinations (Panel D) and quality exposure, conditioning on the

ame controls as in the quality-death regressions. Panel C shows no

ignificant association with cases for any of the weighting methods or

easures of quality. Panel D shows no association between vaccination

ates and our risk-adjusted quality measure (regardless of weighting or

hether it is combined with measures of quality for other emergency

onditions) conditional on the controls, though there is an unconditional
5 
ssociation. As most confounding factors in the quality-death associa-

ion would also confound the quality-case and the quality-vaccination

ssociations, these results indicate that our primary analysis identifies a

egative association of hospital quality with deaths. The significant as-

ociations with the two quality measures in columns (6) and (7) that do

ot correct for regional differences and small counts indicate that these

easures are perhaps picking up unobserved heterogeneity in case-mix.
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Fig. 2. Regression coefficients and standard errors of quality exposure on cu- 

mulative deaths from Covid-19 Note : Figure shows coefficients and 95 (dark) 

and 90 (light) percent confidence intervals (cluster-robust standard errors on 

the county-level) from pooled regressions (higher quality corresponds to higher 

values) for 30 day intervals since pandemic began, conditional on cases, from 

day 331 (vertical line) on-wards also on vaccinations, and on county-level co- 

variates (percent poverty (all ages), median household income, share of people 

people uninsured, premature deaths, poor or fair health, poor physical health 

days, poor mental health days, physical inactivity, life expectancy, air pollution 

particulate matter, flu vaccinations, preventable hospital stays, adult smoking, 

drinking water violations, driving alone to work, long distance commute driving 

alone, share non-Hispanic black, share Hispanic, share other minorities, popula- 

tion density, urban area, long commute driving alone, percent age 65 and older, 

foreign born, less than high school, high school, some college, associate degree, 

average household size, households 65 and older living alone, community health 

index, institutional health index, county index, republican vote share 2020) and 

HRR exposure measures using the same weighting as the outcome (number of 

hospitals and hospital competition (HHI) in number of beds). See A2 for anal- 

ogous results for each day and A3 for descriptives and further sources. Source: 

USFacts (Jul 7, 21), CMS 2011–2015, Dartmouth Atlas of Health Care, and oth- 

ers described in Appendix Table A3, own calculations. 

 

a  

a  

a  

e  

l  

t  

s  

c  

c

 

r  

a  

d  

c  

p

a

n

n

m

s

Table 2 

Pre-pandemic quality’s predictiveness of trends in all-cause and AMI mortality. 

Dependent variable: Yearly all cause and AMI mortality 

per 10,000 capita 

Pre-pandemic trends 

2016 2017 2018 2019 

(1) (2) (3) (4) 

I. All cause mortality 

Panel A. Raw correlation 

quality -9.90 -11.18 -14.71 -15.66 

(4.38) (4.33) (4.32) (4.43) 

Panel B. Conditional on full set of covariates 

quality 2.37 -4.43 -1.40 -0.50 

(2.45) (2.39) (2.62) (2.81) 

N 3,103 3,107 3,102 3,105 

Mean outcome 108.72 111.29 111.79 112.47 

II. AMI mortality - Poisson model 

Panel A. Raw correlation 

quality -1.39 -1.14 -1.32 -1.41 

(0.20) (0.20) (0.21) (0.21) 

Panel B. Conditional on full set of covariates 

quality -0.39 0.39 0.08 0.17 

(0.23) (0.23) (0.23) (0.24) 

N 3,103 3,107 3,102 3,105 

Mean outcome 4.20 4.10 3.99 3.72 

Notes : See Table 1 notes. Table is constructed analogously, presenting as out- 

comes all-cause mortality and AMI – acute myocardial infarction or heart attack 

– from 2016 to 2019 – in the years after the quality measure was taken (2011–

2015) and the beginning of the pandemic. CDC left censors for counties with 9 

or less deaths. Here we use 0 as imputation, but the results are indistinguishable 

when imputing 9. Panel II uses Poisson regressions due to the much lower death 

counts and elevated frequency of 0 occurring. Source: CDC 2020, CMS 2011–

2015, Dartmouth Atlas of Health Care, and others described in Appendix Table 

A3, own calculations. 
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Table 2 presents the tests of pre-trends. Panel A presents results for

ll-cause mortality. Unconditionally, high hospital quality exposure is

ssociated with substantially lower all-cause mortality rates. Condition-

lly, the pre-pandemic trends are very small and insignificant. Panel B

xamines AMI mortality. As the counts of this are low at the county

evel, we estimate a Poisson model. Panel A again shows an uncondi-

ional high correlation. Panel B shows that there is no significant as-

ociation in any pre-pandemic years once we control for our full set of

ovariates. These tests suggest that the unobservable health status of the

ounty population is not driving our results. 16 

Our results are also robust to the estimation method. Table A1 shows

esults for various non-linear estimators. The results confirm those

bove. Finally, we examine the relationship between quality and excess

eaths in Table A2 Alsan et al. (2021) . Calculating excess deaths at the

ounty level results in very volatile estimates (see also, Ruhm, 2021 ).
16 We repeated the analysis of Table 2 using pneumonia deaths in the pre- 

eriod as a test of relevance. We find a statistically significant unconditional 

ssociation of higher deaths and lower quality. The association is smaller and 

ot tightly estimated conditional on the full controls used in Table 2 but remains 

egative in sign (coefficient -0.11, standard error 0.15). The volume of pneu- 

onia deaths is much smaller than that of COVID deaths, making a statistically 

ignificant association hard to detect. 
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6 
owever, we find a negative but poorly estimated relationship with the

uality. 

.1. Heterogeneity by county type 

Having established a robust predictive value for pre-pandemic hospi-

al quality on COVID deaths, we assess whether this predictive value dif-

ers by county-level characteristics, in Fig. 3 . The left-hand panel shows

ifferences in estimates by measures of local area demographics (the top

et) and social capital (the bottom set), the split being at the median of

he relevant variable. The darker bars indicate the county is above the

edian on the relevant variable (or 1 for indicator variables); 𝑝 -values

or the test statistic of significant differences are in parentheses. 

In general, all estimates are either insignificantly different from zero

r negative. For the demographic measures, quality matters significantly

ore in counties with a higher share of uninsured, a higher share of

inorities, and ones located in metro areas. For the social capital mea-

ures, communities with lower levels of social and institutional capital

ave lower death rates where hospital quality is higher. There is no dif-

erence in the relationship by political affiliation of the county. 

The right-hand panel examines possible mechanisms, examining

hether and which health services supply features may be driving the

ssociation between higher quality and lower death rates. The results

how that the effect of quality is significantly higher in counties where

here are fewer hospital facilities, as measured by the number of hospi-

als, number of acute care beds, staff per head of population, and nurses

the latter difference is significant only at the 10 percent level). In con-

rast, counties with more hospital-based physicians have a stronger neg-

tive association between hospital quality and deaths. The bottom panel

hows that there are no differences in state-level financial support, but

n counties where vaccination rates were lower by day 531, quality mat-

ers more. 
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Fig. 3. Heterogeneity by hospital market, county environment, and political and social cohesion Note : Figure shows coefficients and 95 and 90 percent confidence 

intervals from regressions of deaths on quality on day 531 of the pandemic, including an indicator for above or below median (or 0/1 for indicator variables, ie. 

a teaching hospital in catchment or state-level financial health support), interacted with this indicator variable. The regressions are otherwise analogous to those 

in Table 1 , 𝑝 -values are based on F-test for the equality of the coefficients. The hospital capacity variables are based on pre-pandemic HRR-level information and 

aggregated to the county-level by zip-code population weights and are not used as controls in the main model. The State financial health support is based on 

‘announced short term spending on healthcare system, e.g. hospitals, masks, etc.’ complied by the Oxford Covid-19 Government Response – note, it only record 

amount additional to previously announced spending, we define an indicator if there was any increase). Source: USFacts (Jul 7, 21), CMS 2011–2015, Dartmouth 

Atlas of Health Care, and others described in Appendix Table A3, own calculations. 
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Taken as a whole, our heterogeneity results indicate that quality

atters more where the population is more disadvantaged, has higher

hares of minority populations, is less protected against the virus by

accination and levels of social capital, and has access to fewer hos-

ital resources. Put another way; it appears that hospital quality is a

ubstitute for community capital. However, even conditional on these

actors, quality has a larger association where there are more hospital

hysicians, suggesting one mechanism driving the association we find

s access to a larger number of highly trained clinicians. 

One further suggestive piece of evidence on the importance of what

appens inside hospitals is the timing of the negative association be-

ween hospital quality and deaths. In Fig. 2 the estimated association

egins to become negative and remains significantly below zero from

round one year after the first death. This first suggests that it takes

ime to learn how to treat a new disease. The effect of such learning

ay take a while to manifest itself, particularly as the strain of the virus,

he number, and the type of patients presented at hospitals change over

ime. Second, the date at which the association becomes negative also

lose to the FDA approval of two monoclonal antibodies as treatments

or severe COVID cases. 17 These treatments are almost exclusively used

n hospital settings, and better quality hospitals may have been faster
17 The FDA made emergency authorizations on monoclonal antibody therapies 

amlanivimab on 9 November 2020 and Casirivimab/Imdevimab on 21 Novem- 

er 2020, FDA (2021) . 

r
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7 
o adopt these, leading to the negative association between higher qual-

ty and lower deaths after their introduction. However, exploring both

hese ideas requires detailed data on treatments at the hospital level, and

uch of this data is not publicly available at scale. Within the confines

f the present paper, we are thus not able to explore these hypotheses

n more detail. 

. Discussion and conclusion 

At the county level, we show that access to higher-quality hospitals

orrelates with lower cumulative death rates from COVID-19 by the mid-

le of 2021, after many non-pharmaceutical interventions and the roll-

ut of vaccines. These associations are robust to many county-level fac-

ors shown to be associated with the spread of the virus ( McLaren, 2020;

urzer and Miloucheva, 2020; Borgonovi and Andrieu, 2020; Friedson

t al., 2020; Knittel and Ozaltun, 2020; Desmet and Wacziarg, 2020 ),

nd to controls for fixed state-level differences. The lack of association

etween our measure of hospital quality and COVID cases, vaccination

ates and deaths from all causes, and AMI pre-pandemic suggests that

he results are not driven by unobserved heterogeneity in health status.

his finding is suggestive of a potentially causal interpretation of our

esults. 

There are caveats. First, we assign to each county the quality of hos-

itals in the HHRs used by the county’s residents pre-COVID. This has

he advantage that our quality measure is free from the endogeneity that

ould potentially arise if there is hospital selection based on ill-health
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e.g., if the sickest patients go to the lowest quality hospitals). How-

ver, travel patterns might have changed as a result of COVID-19. As

OVID-19 has been accompanied by changes in the financial viability

f hospitals, even if hospitals did not close, as admissions of COVID-

9 patients increased, ICU capacity constraints could have resulted in

atients being sent to hospitals that are not normally used by the resi-

ents of a county. 18 If hospitals are still within the HRR for each county,

his would be accounted for in our measure of quality (which is another

dvantage of our approach of assigning quality from the HRR to the

ounty, particularly in the context of the COVID-19 pandemic). Never-

heless, it is reassuring that our results are robust to different quality

ssignment algorithms. Second, if the information on how to appropri-

tely treat COVID-19 patients spreads across hospitals, then our mea-

ure of quality, based on the quality of treatment of pneumonia patients

re-COVID-19, would be less likely to capture the current quality differ-

ntials across hospitals as the pandemic progresses. However, we show

ur results hold out to the 531st day after the first recorded case in

he US and, in fact, increase in magnitude over time, thus reducing this

oncern. 

In conclusion, our results suggest that access to high-quality hos-

ital care has mattered during the COVID-19 pandemic and has mat-

ered more for communities that are more deprived and have access

o fewer hospitals, suggesting that community capital, broadly defined,

ay have been a substitute for higher quality hospital-based care during

he COVID pandemic. In terms of mechanisms, the number of doctors

but not other clinical staff) available within hospitals increases the asso-

iation, supporting the idea that one of the mechanisms bringing about

his association is the availability of the most skilled group of hospital

linicians. 

Finally, hospital care is an essential part of health care provision for

ulnerable and disadvantaged populations in the USA (e.g. Bhatt and

athija, 2018 ). The stronger association we find for more disadvantaged

ommunities between the quality of hospital care and fewer COVID

eaths may thus also extend to outcomes for other medical conditions

or which hospital care is particularly important. 
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