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ABSTRACT 

 Nearly 1 in 5 Medicare inpatients are readmitted within 30 days of discharge, 

costing the Medicare program approximately $15 billion per year.  The Centers for 

Medicare & Medicaid Services (CMS) implemented the Hospital Readmission Reduction 

Program (HRRP) in 2012, which penalizes hospitals with higher than expected 30-day 

readmissions for patients with certain conditions. In the first study, we evaluated whether 

the HRRP was associated with lower readmission rates for targeted conditions. Overall, 

we find that HRRP implementation led to a 1.4 percentage-point reduction in readmission 

rates at penalized hospitals. Hospitals were responsive both to a “labeling effect” of 

receiving any penalty, as well as to an “incentive effect” associated with the size of the 

penalty.  

The HRRP is intended to penalize hospitals based on the quality of care they 

provide to patients, but not characteristics of the communities they serve. However, the 

program does not account for the availability of post-discharge care within hospitals' 

service areas. In study 2, we examined the association between post-discharge care 

supply (e.g., PCPs, nursing homes, skilled nursing facilities, hospices) and hospitals' 

readmission rates. We find that readmissions were positively associated with the per 
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capita supply of home health agencies and nurse practitioners, and negatively associated 

with hospices, PCPs, and palliative care. Our results suggest potential modifications to 

the HRRP's risk adjustment, in order to avoid punishing hospitals that lack access to 

certain community resources. 

Hospitals have engaged in a variety of activities to reduce readmissions such as 

redesigned discharge processes, improved coordination with post-discharge sites of care, 

or through specific quality-of-care interventions. In the final study, we sought to enhance 

our ability to predict these patient readmissions, using cutting-edge techniques developed 

in the field of machine learning. We used the Nationwide Readmissions Database to 

estimate twelve individual machine learning algorithms and then combine them using 

mathematical optimization. The resulting 'super learner' predicts readmissions better than 

what's possible with the individual algorithms, or traditional regression methods. To the 

extent that patients at high risk of readmission may be identified, interventions and 

healthcare resources may be targeted towards them in a cost-effective manner.    
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CHAPTER 1: INTRODUCTION 

 Avoidable hospital readmissions are costly to taxpayers and potentially 

detrimental to patients’ health. Prior to the Affordable Care Act (ACA), nearly 1 in 5 

Medicare inpatients were readmitted within 30 days of discharge, costing the Medicare 

program approximately $15 billion per year.1  The Centers for Medicare & Medicaid 

Services (CMS) estimated that potentially avoidable readmissions account for more than 

half of this expenditure.2 Early rehospitalizations are associated with both increased 

patient morbidity and mortality, and disproportionately affect several vulnerable 

populations such as the elderly, low-income, urban residents, and those with chronic 

conditions.3–5 Further, there is wide variation among  hospitals in readmission rates,6 and 

this variation is increasingly viewed by policy makers as a quality-of-care indicator.7  

Kangovi & Grande’s (2011) framework provides a useful starting point when 

studying the determinants of hospital readmission (see Figure 1.1).8 Under this 

framework, readmission rates are determined by patients’ health status, access, quality of 

care, social determinants of health, and regulatory policies. Access describes their ability 

to enter into the healthcare system, e.g., insurance status, geographic distance, provider 

networks, transportation, and social support. The relationship between access and 

readmission risk is situation-dependent. For instance, low levels of access can lead to 

high readmission risk if patients are unable to comply with discharge recommendations.9 

Patients with low access are also less likely to seek outpatient care, and more likely to 

receive care through an emergency department.10 Alternatively, low levels of access can 

lead to lower readmission risk. Previous research has demonstrated that uninsured 
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patients are less likely to be admitted than insured patients under similar clinical 

circumstances.11 Quality describes how well a patient is cared for after they have 

accessed the system and may vary based on setting (e.g. outpatient vs. inpatient), with 

higher-quality care expected to lead to lower readmissions.12,13 Hospitals should also 

consider social factors which may affect health and readmissions, such as the use of 

screening instruments for food insecurity and connection with social support 

organizations as necessary. Lastly, regulatory policies such as the CMS pay-for-

performance initiatives may also create an economic and regulatory environment that 

influences readmissions.6,8,13 

 

Figure 1.1 Kangovi & Grande (2011) Readmissions Framework 
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Before 2012, hospitals had little financial incentive to reduce Medicare 

readmission rates. Under Medicare’s fee-for-service payment structure, hospitals received 

payments for both the index admission and later readmission. To counteract the incentive 

to readmit, the ACA established the Hospital Readmission Reduction Program (HRRP) in 

2012, which uses financial penalties to motivate  hospitals to reduce their readmissions 

rates for six conditions.14  Hospitals whose 30-day readmission rates fall above risk-

adjusted national averages may face penalties in the form of reductions in future 

Medicare payments. The program initially applied to readmissions following discharge 

for acute myocardial infarction (AMI), heart failure, or pneumonia upon initial 

implementation in 2013, and has since expanded to include readmissions for elective 

hip/knee replacements, chronic obstructive pulmonary disease (COPD), and coronary 

artery bypass graft (CABG). The reach of the program has been profound; in 2014, nearly 

80% of hospitals received a total of $550 million reductions in their inpatient Medicare 

payments due to readmission rates that exceeded targets.2  

Several early evaluations documented declines in national readmission rates under 

the HRRP.15–18 The readmission date for heart failure fell from 24.7% in the 2008–2011 

period to 22.0% during the 2011–2014 period.6  We also have strong evidence that the 

observed declines in readmission rates were greater for targeted versus untargeted 

conditions under the HRRP, and at penalized hospitals. For instance, Carey & Lin (2015) 

used a difference-in-differences approach to study changes in readmission rates for New 

York hospitals, finding a reduction in readmissions compared in conditions targeted by 

the HRRP.19  Desai et al. (2016) studied national changes in readmissions after 
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implementation of the HRRP, finding steeper declines in readmission rates for targeted 

conditions at penalized hospitals.15 However, there is concern that the current HRRP 

penalty structure may be insufficient to motivate additional declines in national 

readmission rates. Further, there has been a dearth of research into how these penalties 

motivate hospitals of varying performance, beyond simple analyses of changes in 

readmissions at hospitals which did or did not receive penalties.15,20 High-performing 

hospitals may lack incentives for further improvements, as may bottom-performing 

hospitals which are unlikely to avoid penalties even with dramatic improvements and 

may face serious resource constraints.  

Fortunately, effective interventions already exist for hospitals to reduce their 

readmissions.21,22 Hospitals may respond to the HRRP’s incentives and attempt to prevent 

readmissions through improved quality of care during the initial hospital stay, re-

engineered discharge processes, and increased access to coordinated post-discharge 

care.23,24 However, these interventions are frequently untargeted, for instance being 

administered to any patient admitted with congestive heart failure.  These untargeted 

approaches to reduce readmission are costly and resource constraints often limit their 

intensity.  Other approaches are to use ad-hoc systems to identify patients at high-risk for 

readmissions based on easily-observed characteristics such as age, gender, and 

comorbidities. However, risk scores used in targeting re-admissions interventions have 

relied on simple approaches that do not utilize all available information that could inform 

patient risk.  Still more hospitals have bought third-party ‘black box’ software solutions 

to predict which patients are likely to become readmissions.25 Unfortunately, these 
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proprietary algorithms have limited documentation and their claims of predictive 

accuracy are difficult to verify. More rigorous risk prediction – potentially leveraging 

recently-developed advances in the field of machine learning – has the potential to focus 

scarce intervention resources towards those who are most likely to benefit. However, 

researchers often do not know which algorithm will have the highest predictive validity a 

priori. We have provided a flexible and scalable framework that others may modify and 

use to identify those patients who are most likely to benefit from their respective 

interventions, thus improving targeting and efficiency. 

The goal is to improve medical care through better transitions for high-risk 

patients; however, a well-designed and targeted intervention may be insufficient to 

achieve that aim if patients lack adequate post-discharge care supply (PDCS). Prior work 

on readmissions has identified a variety of factors which may influence a patient’s 

readmission risk but are unrelated to the quality of care provided by the hospital.  For 

instance, studies have found readmission rates to be higher for patients who were 

discharged to home healthcare or another healthcare facility26, reside in a rural area27, or 

who were lower income or are unmarried.28  CMS uses minimal risk adjustment when 

calculating the HRRP penalties, and does not incorporate these variables.  As a result, 

certain hospitals may be penalized based on their location in particular geographic areas 

or having more difficult to serve patients.29,30   

The effect of post-discharge care supply (hereafter PDCS) on readmission rates 

has not been examined previously.  Investigation into PDCS as a predictor of 

readmissions would be consistent with Kangovi & Grande’s framework, which highlights 
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the importance of access to outpatient medical follow-up as a key determinant of 

readmission risk.8  In contrast, the supply of primary care physicians, often measured as 

the number of MDs per unit of population, has been associated with a variety of positive 

health outcomes including decreased mortality, both all-cause31 or cancer-specific32, 

increased life expectancy31, increased rates of cancer screening33, higher immunization 

rates34, or earlier stage of cancer diagnosis.35  A priori, we might expect that patients in 

areas with low access to post-discharge care may have an increased likelihood of 

readmissions due to the increased difficulty in receiving necessary follow-up care.  To the 

extent this is true, PDCS measures could be incorporated into the HRRP risk adjustment 

algorithm to better ensure hospitals are penalized based on the quality of care they 

provide and not the underlying characteristics of the areas they serve. 

 

Overview of dissertation chapters 

In chapter 2, I employ a combined regression-discontinuity/regression-kink 

approach to analyze how hospitals with different readmission rates responded to the 

HRRP’s financial incentives, focusing on the effects of the policy on hospital 

readmissions and patient health. Overall, I find that HRRP implementation led to a 1.4 

percentage-point reduction in readmission rates and 28,838 avoided readmissions at 

penalized hospitals. Hospitals were responsive both to a “labeling effect” of receiving 

any penalty, as well as to an “incentive effect” associated with the size of the penalty. 

Reductions in readmissions were largest for the original three conditions covered by the 

HRRP: acute myocardial infarction, heart failure, and pneumonia. Hospitals’ 
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responsiveness to penalties was greater at hospitals that were government-owned or had 

lower case mix indices. Responsiveness did not vary by Medicare share of total 

payments, disproportionate share percentage, or the number of other penalized 

conditions. I find no evidence of increased mortality in penalized hospitals, suggesting 

the HRRP lowered readmissions without compromising patient safety. 

In chapter 3, I determine the association between the supply of post-

discharge care options within each hospital’s catchment area and hospital-level 

readmission rates for acute myocardial infarction, heart failure, and pneumonia. I 

employed linear mixed-effects models to analyze data from short-term acute care 

hospitals over 2009–2019. Hospitals’ readmission rates were positively associated with 

the per capita supply of home health agencies, skilled nursing facility beds, and primary 

care physicians. Readmissions were negatively associated with per capita supply of 

hospices, nursing home beds, and hospitals’ access to palliative care services. These 

Measures of post-discharge care supply are not included in the risk adjustment of 

Medicare pay-for-performance programs such as the Hospital Readmission Reduction 

Program. Their inclusion may better ensure hospitals’ incentives are based on the quality 

of care they provide instead of underlying characteristics of the communities they serve. 

In chapter 4, I develop and validate ‘super learning’ algorithms for patient 

readmission risk following a hospitalization for acute myocardial infarction, heart 

failure, or pneumonia. Super learning is an ensembling approach, which objectively 

weights and combines the results of multiple machine learning algorithms to achieve the 

lowest cross-validated mean squared error. Our data includes patients who were 
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discharged following a relevant hospitalization using data from the Healthcare Cost and 

Utilization Project’s Nationwide Readmissions Database 2013–2017, and our primary 

outcome was whether a patient was readmitted within 30 days following an inpatient 

discharge. Potential predictors included a wide range of clinical and non-clinical 

variables such as patient demographics, diagnoses, comorbidities, and other features of 

the hospital stay. The super learners demonstrated superior risk prediction for 30-day 

readmissions compared to a range of alternative methods. These methods provide an 

opportunity to reduce analysts’ subjectivity, and may be used by hospitals or payers to 

more efficiently target readmission reduction interventions towards those patients who 

are most likely to benefit.  

Finally, chapter 5 provides some concluding remarks. 
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CHAPTER 2: RESPONSES TO READMISSIONS PENALTIES: WHAT CAN WE 

LEARN ABOUT HOSPITAL BEHAVIOR? 

Introduction 

This chapter makes four contributions to the literature on the HRRP. First, I test 

whether the HRRP was associated with lower readmission rates for targeted conditions. 

The HRRP represents a major policy initiative to reduce readmissions, and quantifying its 

impact is important for ongoing discussions regarding the program’s future and the 

potential inclusion of additional conditions. The HRRP’s implementation coincided with 

a decline in the national readmission rate at both penalized and non-penalized hospitals,6 

and these declines were larger both for targeted conditions and at penalized hospitals.15 

However, previous HRRP evaluations had conflicting results. For instance, some 

concluded that absolute readmission rates declined by three percentage points more at 

penalized versus non-penalized hospitals,19,36 while others have reported lesser or no 

differences for certain conditions.17,20 Notably, these early evaluations did not account for 

mean reversion in hospital readmission rates or secular declines in readmissions during 

the post-HRRP period. Recent evidence suggests these factors explain most of the 

observed declines in readmissions under the HRRP.37,38 I address methodological 

limitations of prior studies and estimate a treatment effect that may be used to simulate 

future hospital responses to the HRRP. 

Second, I distinguish between two separate effects of the HRRP on hospital 

behavior: a labeling effect and an incentive effect. Previous studies have focused on 

differences in readmissions associated with a binary exposure variable for HRRP 
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penalties. However, this characterization obscures details of the program’s incentive 

structure. Instead, I employ a combined regression-discontinuity / regression-kink 

design39 to determine the relationship between hospitals’ distance from the HRRP penalty 

threshold and annual changes in facility-level readmission rates. The basic idea is the 

HRRP should have lesser effects on non-penalized hospitals. Penalized hospitals may 

experience two distinct effects of the policy. First, such hospitals may experience a 

labeling effect which does not scale with the size of the HRRP’s financial penalty. CMS 

publishes hospitals’ performance across various quality measures on their Hospital 

Compare website, including simple binary indicators of whether a hospital received 

excess readmission penalties for each condition covered by the HRRP.40 Penalties are 

also reported on several industry websites such as Advisory Board or Kaiser Health 

News,41,42 or by local news organizations.43,44 Several studies of hospital report cards 

identified similar labeling effects,45–48 in that the motivations for behavioral change are 

reputational versus financial in nature. Public disclosure of negative performance 

information can increase the ability of patients,49 referring physicians,50 and insurers to 

differentiate between hospitals of high versus low quality.45 Physicians are heavily 

influenced by their perception of how their performance compares with those around 

them.51 Institutional reputation is also an important factor for the recruitment and 

retention of healthcare providers.52 However, the evidence for these effects is mixed as 

some researchers found minimal or no effects of hospital report cards on overall patient 

flows.45,53 

In addition to this binary “penalty/no penalty” effect, penalty magnitude increases 
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with distance to the threshold, and hence one might expect a dose-response relationship 

with the size of each hospital’s financial penalty. This second “incentive effect” thus 

reflects hospitals’ responsiveness to the magnitude of past monetary penalties. Similar 

effects were observed in other pay-for-performance (P4P) programs, where the 

behavioral response’s strength is expected to be proportional to the financial incentive’s 

value.54–56 This decomposition provides insights into whether changes in hospitals’ 

performance under the HRRP are motivated by reputational or financial incentives, with 

implications for future policy design.  

Third, many readmissions are medically necessary. An oft-raised concern is the 

potential for unintended consequences if patients are not readmitted when indicated. To 

investigate potential adverse impacts on patient health, I assess whether reductions in 

hospital readmissions under the HRRP were associated with increases in hospital 

mortality rates. Estimates for the effect of the HRRP on mortality also vary widely, with 

some reports suggesting higher,57,58 lower,18,59 or no change in mortality following HRRP 

implementation.17,60  

Fourth, I examine whether hospitals with different institutional and patient 

characteristics are more responsive to these labeling and/or incentive effects. More 

broadly, research on P4P programs suggests that hospital performance varies by 

organizational size and financial strength, patient health status and rurality, the size of the 

P4P incentive, and the difficulty associated with behavioral change.61,62 Further, certain 

hospital types are more likely to receive HRRP penalties such as hospitals that are larger, 

serve a greater share of low-income patients, and safety-net hospitals.63 I thus test for 
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heterogeneity in treatment effects based on hospitals’ Medicare share of total payments, 

proportion of low-income patients, patient case mix, and the number of penalized 

conditions. These results may have important implications for equity. For instance, 

safety-net hospitals often face resource constraints which limit their ability to respond to 

the incentives of P4P programs.62 Low-income barriers also face challenges with 

affordability of medications, health literacy, and transportation to medical appointments 

which may exacerbate readmission risk.8 If safety net hospitals are responsive to labeling 

but not incentive effects, and if these hospitals tend to exceed the HRRP penalty 

threshold by large amounts, then there is little incentive for these hospitals to improve. In 

this case, the HRRP is essentially a tax on safety net hospitals with little expected benefit.  

Using panel data on hospitals from 2009–2018, I find evidence that HRRP 

implementation led to a 1.4 percentage-point reduction in readmission rates and 28,838 

avoided readmissions at penalized hospitals. These reductions were largest for acute 

myocardial infarction, heart failure, and pneumonia, the original penalized conditions.1 

Approximately ¾ of avoided readmissions were attributable to the labeling effect of the 

HRRP, with the remaining ¼ attributable to the program’s incentive effect. I found no 

evidence the HRRP increased mortality, suggesting hospitals were able to reduce 

readmissions without sacrificing patient safety. Lastly, I found that government-owned 

hospitals were more likely to respond to the HRRP’s labeling effect compared to private 

hospitals. In contrast, hospitals that serve needier patients, as measured by an above-

	
1Elective hip/knee replacements and chronic obstructive pulmonary disease (COPD) were 

added in 2015, and coronary artery bypass grafts (CABG) were added in 2016. 
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median case mix index, were less likely to respond to the penalty label compared to 

below-median hospitals. I did not find that hospitals’ responses to penalties varied 

significantly with Medicare share of total payments, disproportionate share percentage, or 

the number of other penalized conditions. 

  

Data Sources 

 The primary dataset for this study was CMS’ 2009–2018 Hospital Compare 

database. Hospital Compare is publicly available and contains annual hospital-level 30-

day readmission and post-discharge mortality rates for HRRP-eligible conditions. The 

dataset covers more than 4,000 Medicare-certified hospitals, and is designed to both help 

patients make decisions about where they receive care and encourage hospitals to 

improve quality of care.40  Hospital Compare identifies the HRRP penalty thresholds in 

use each year as well as hospitals’ total discharges, readmissions, mortality, and excess 

readmissions ratio (ERR) for targeted conditions. A hospital’s ERR is calculated as its 

predicted number of readmissions based upon CMS’ risk adjustment algorithm, divided 

by the number of readmissions that would be expected based on an average hospital with 

similar patients.64 CMS uses three previous years of data to generate hospital ERRs. 

There is approximately a one-year lag between the year penalties are assessed and the 

data used to calculate the penalties; e.g. penalties for fiscal year 2018 are calculated using 

hospital performance data from June 2013 through July 2016. I excluded hospitals that 

are categorically exempt from the HRRP: psychiatric, rehabilitation, long-term care, 

children’s, cancer, and critical access hospitals. Maryland hospitals are also exempt due 
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to a longstanding CMS waiver that allows the state to set all-pay rates for its hospital 

services.6 

Supplemental data for community-level characteristics were drawn from the 

Health Resources & Services Administration’s Area Health Resource Files (AHRF). The 

AHRF contains annual data on county characteristics such as demographics, healthcare 

workforce and facilities, health spending, and other social determinants of health. These 

data were used to control for community factors that may affect patients’ likelihood of 

readmission following a hospital discharge.  

Data on hospitals’ institutional and patient characteristics were obtained from the 

American Hospital Association’s (AHA) Annual Survey and CMS’ Hospital Inpatient 

Prospective Payment System (IPPS) Impact Files. The AHA dataset includes data on 

hospital size, ownership, teaching status, and the presence of various services and 

facilities such as trauma centers, emergency departments, or hospital-based nursing 

homes. The CMS Impact Files contain factors used by CMS to adjust hospital 

reimbursement rates including wage index, case mix, disproportionate share percentage, 

and incentive payments under the Hospital Value-Based Purchasing Program. 

 Finally, I used a crosswalk from Graves (2019) to merge county-level AHRF data 

with hospital-level datasets from CMS and AHA. Graves used an ensemble network-

analytic approach to define hospital markets using hospital service data from CMS.65 The 

result is a set of county-hospital weights based on the volume of patients from that county 

who visit each hospital. The method used by Graves is an alternative to commonly-used 

market definitions in the Dartmouth Health Atlas, which are based on Medicare data from 
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1992–1993 and have only been updated to account for changes in zip code tabulation area 

boundaries.65,66 The unit of observation is the hospital-condition-year. 

  

Analytic Approach 

Conceptual Model 

The HRRP’s incentive structure may motivate reductions in hospital readmission 

rates through two components: a “penalty label” and a monetary penalty (Figure 2.1). 

The HRRP label associated with being a “penalty” hospital affects hospitals through 

diminished reputation, expectation of future penalties, or may indirectly affect future 

revenues by deterring future patients, referring physicians, and staff recruitment. The 

HRRP monetary penalty affects hospital revenues through a reduction in reimbursements. 

Each year, CMS identifies the sum of a hospital’s aggregate payments that were 

attributable to excess readmissions for HRRP-eligible conditions. Readmissions are 

counted against the hospital even if patients regardless of cause or whether the patient 

was readmitted at a different facility.67 The magnitude of the payment reduction total is 

calculated by dividing this sum by the sum of a hospital’s aggregate payments for all 

discharges. The maximum size of this reduction was capped at 1% in 2013, 2% in 2014, 

and 3% in 2015 and beyond. This calculation is described in more detail in Figure A1.  

 In any given year, the HRRP monetary penalty is zero for hospitals that have 

fewer readmissions than expected given their case mix (excess readmissions ratio 

[ERR] ≤ 1). For a hospital i in time period t with higher than expected readmissions  

(ERR > 1) the magnitude of the penalty increases linearly as the ERR rises further above 
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Figure 2.1 Conceptual model for the expected effects of HRRP on future 
readmissions 

 
 

unity: !! ∗ #[%&&!" > #] ∗ (%&&!" − #), where !! is a hospital-specific cost of each 

unit of monetary penalty: !! = #$
#%&'(")*+!"

∗ #%&'(")*+!"
#,--!"

. Since %&&!" is the ratio of a 

hospital’s predicted versus expected readmissions, !! represents the value of a relative 

change in hospital i's readmissions compared to the risk-adjusted national average. The 

HRRP label effect is zero below the threshold and a constant value above the threshold: 

-! ∗ ./01.!", where ./01.!" = #[%&&!" > #] and -! is a hospital-specific valuation of 

the reputational harms of the penalty, -! = #$
#.)/(.!"

.  

Hospitals can reduce readmissions in various ways and the optimal mix of 

interventions may differ by facility. Following the work of Martin Gaynor & Robert 

Town,68 I assume that hospitals can choose a level of “effort” to spend on quality of care, 
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such as reducing readmissions. Hospitals are assumed to choose a level of effort to 

maximize their objective function. Hospitals therefore are expected to increase effort 

until the marginal costs of effort equate to the marginal benefits from improved 

reputation and increased revenues. Hospitals that lower their readmission rates may 

expect higher Medicare reimbursement rates but reduced payments due to fewer 

readmissions; effort is not directly observed and affects the penalty only through future 

readmissions. Thus, hospitals’ choice of optimal effort depends on how effort translates 

into changes in ERR.2 Hospitals will continue to increase effort until the marginal cost of 

effort is equal to the marginal returns from effort. For hospitals not at the optimum (e.g., 

due to new information on penalties), the incentive to make marginal investments in 

effort is equal to the marginal net benefit from that effort.	 

 However, there are several other key factors that may shape the size of the 

incentive, which are related to hospital characteristics and preferences. For example, how 

do hospitals value the monetary incentive versus the label incentive?	How does hospital 

effort translate into changes in (expected) ERR? The answers to these questions may vary 

according to certain hospital characteristics. For example, if hospitals have difficulty 

translating effort into readmission reductions (e.g., those with higher case mix indices), 

then they optimally should spend less effort. Based on their characteristics, hospitals may 

	
2ERR is calculated based on a three-year moving average of hospitals’ readmissions (t-3 

to t-1). Thus the difference between !""!" and !""!"#$ is %&!"#$#&!"#%#&!"'
(

# %&!"#&#&!"#$#&!"#%'
(

$

%%&!")&!"#&'
(

 where &!" is the ERR for hospital i in year t. If we assume that &!" $ &!"
* ' (!" (i.e. 

measured with error) and if we define &!"
* # &!")(

* $ !!", then change in ERR is +!"#,!"#,!"#&
(

. 
Thus, on average, effort translates into changes in ERR at 1/3 of the difference from three years 
ago, but these changes persist for three years. 
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respond differently to the two incentive mechanisms of the HRRP. For example, the 

expected responses may be larger for hospitals which have a larger Medicare share of 

payments since they have a larger financial stake. My primary specifications will 

estimate treatment effects averaged over the data. However, I also explore potential effect 

heterogeneity by hospital characteristics, in order to determine what types are more 

responsive to labels, which are more responsive to monetary incentives, and which are 

more responsive to both, relative to other types of hospitals.  

This model implies several empirically testable hypotheses. The first is that the 

HRRP will have lesser effects on historically high-performing hospitals with low 

readmission rates. These hospitals have ERRs of less than or equal to 1.0 and receive no 

penalties under the HRRP. However, if a hospital is near the threshold it could be at risk 

of receiving a penalty in the future if the national average readmission rate falls. Thus, we 

may observe increasing responsiveness to the HRRP’s financial incentives as a hospital 

approaches ERR=1.0 from the left. Second, the HRRP may result in a ‘labeling effect’ if 

hospitals respond to being flagged as a penalized/under-performing hospital by lowering 

their future readmissions. Third, there is an expected dose-response relationship between 

hospitals’ responsiveness to the HRRP and the size of the financial penalty. Hospitals 

incur penalties of increasing magnitude as their ERR rises above unity. As a result, a kink 

may occur at the penalty threshold representing change in penalty size as hospitals move 

further above the threshold. Lastly, increasing distance above the HRRP penalty 

threshold is not expected to have additional effects on readmissions for hospitals which 

have reached the maximum penalty size. However, only a small proportion of hospitals 
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reach the maximum penalty, approximately 1.8% per year,64 which precludes formal 

analysis of this second kink in effects. 

 

Measures 

The primary outcome was the year-over-year change in a hospital’s 30-day crude 

readmission rate from 2009 to 2018, defined as total readmissions divided by total 

discharges. Regression models included several predictors of interest based on the 

conceptual model and penalty structure of the HRRP. First, I include a linear measure of 

hospitals’ distance from the penalty threshold in the previous year. This involves a simple 

transformation of hospitals’ lagged ERRs, and is calculated for a hospital i in time period 

t as (ERRit-1 -1) * 100%. Second, I include a dummy variable indicating whether the 

hospital received a penalty in the previous year. Models also included an interaction term 

between the distance and penalty measures, allowing for a kink in the effects of distance 

above the threshold as hospitals begin to accrue larger penalties.  

In adjusted models, I included both fixed and time-varying covariates that may 

plausibly affect readmission rates. These included hospital size (in 100s of beds), 

ownership status (government, non-profit, for-profit), average daily census, whether the 

hospital provides emergency services, the share of inpatient days attributable to 

Medicare, and CMS urban-rural code (large urban area, other urban area, rural) from the 

AHA survey data. I also included IPPS payment adjustment factors: case mix index 

(representing the clinical complexity and resource needs in the hospital’s patient 

population),69 disproportionate share (DSH) patient percentage (used to adjust payments 
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to hospitals that serve a high volume of low-income patients),70 the percentage of 

operating payments that are outliers (high cost cases qualifying for additional 

reimbursements),71 geographic adjustment factor (reimbursement changes based on 

regional differences in estimated operating expenses), local wage index (used to adjust 

labor share of reimbursements),72 and value-based purchasing adjustment factor (payment 

adjustments based on observed inpatient care quality).73  Other hospital-level factors that 

vary over time and may represent institutional responses to the HRRP program and 

penalties, such as staffing levels and expenditures, were not included as controls. 

Additional AHRF community-level variables on demographics and socioeconomic status 

were also included such as race/ethnicity, gender ratios, % unemployment, % without a 

college degree, % of total population who are military veterans, median per capita 

income, and % in poverty. I also incorporated AHRF variables for a range of factors 

which could affect patient’s access to care following a hospital discharge. These included 

per capita supply of nurse practitioners, medical specialists, and primary care providers; 

and the per capita supply of hospices, federally-qualified health centers, home health 

agencies, nursing facility beds, and nursing home beds. All of these institutional,63 

demographic,74–77 socioeconomic,74,78,79 and healthcare access5 control variables have 

been associated with patients’ likelihood of hospital readmission. Lastly, I included a 

count variable indicating how many penalties each hospital received for other conditions. 

Empirical Approach 

For all analyses, the unit of observation was the hospital-condition-year. All six 

HRRP-eligible conditions were included – the following regression models were 
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estimated both as overall models and stratified by condition. The analysis proceeded in 

five steps. I first constructed binned scatter plots using data from the pre-HRRP period 

(2009–2012) to assess how crude readmission rates change over time at hospitals with 

varying levels of performance, and estimated a simple regression of the form: 

 

(1) 401 = 51 + 7880123 + 901  

Where: 

51 = Year fixed effects 

401	= Changes in crude readmission rate for hospital : between time periods ;  
and ; − 1 

7880123 = The crude readmission rate for hospital i in time period ; − 2 
 

 

The results of this step identify potential mean reversion during the pre-HRRP 

period. Joshi et al. (2019) estimate that approximately three-quarters of the readmission 

declines observed in previous studies of the HRRP may be attributable to mean 

reversion.37 Next, I sought to identify whether the HRRP affected changes in 

readmissions. I estimated the effect of hospitals’ distance from the HRRP penalty 

thresholds each year on annual changes in crude readmission rates, after controlling for 

mean reversion and observed covariates. I employed a regression kink with discontinuity 

model of the following form: 

 

(2) 401 = 51 + !′?!" + @47880123 + @3A0124 + @5B0124+	@6A0124 × B0124 + 901  

Where: 

51   = Year fixed effects 

401	= Changes in crude readmission rate for hospital i between time periods ;  

and ; − 1 

D01 = The vector of covariates for hospital : in time period ; 

7880123 = The crude readmission rate for hospital : in time period ; − 2 
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A0124 = Hospital :'s distance from the HRRP performance threshold in time period ; − 1, 

calculated as (E880123 − 1) × 100% 

B0124 = A dummy variable taking on a value of 1 if hospital : received a penalty in time 

period ; − 1 

 

There are four coefficients of primary interest in this model. @4 captures the 

potential effects of mean reversion and secular declines in readmission rates that would 

occur even in the absence of the HRRP. @3 represents the effect of distance below the 

HRRP performance threshold, where hospitals are not receiving penalties. @5 and @6 

allow us to identify the labeling and incentive effects of the HRRP, respectively. @5 

represents the potential discontinuity in hospital response at ERR=1 due to being labeled 

as a penalized hospital. The marginal hospital penalty at the threshold is zero and 

hospitals immediately above the threshold (ERR>1) receive minimal penalties, thus a 

discontinuity would indicate the presence of a labelling effect. @6 represents the ‘kink’ or 

the added effect of distance above the threshold, when hospitals begin to receive penalties 

of increasing magnitude. All models included controls for CMS payment adjustments, 

hospital characteristics, and community-level factors. The adjusted regression results 

were then used to predict the total number of readmissions avoided due to the HRRP, and 

the relative contributions of the labeling and incentive effects to this total. This was 

achieved by observing the changes in predicted readmissions when the penalty flag and 

ERR x penalty interaction were each set to zero.  

 I tested several variations of this model in sensitivity analyses. I assessed the 

potential that greater declines in admissions/discharges may occur at penalized hospitals, 
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which could bias my estimates of the HRRP’s effect.3 I included additional dummy 

variables indicating hospitals’ annual percentage-point changes in discharges, binned into 

quartiles.  I tested two alternatives methods to include lagged readmission rates in the 

model. Instead of modeling 7880123 as a continuous variable, I allowed for mean 

reversion to be nonlinear by binning lagged readmissions into deciles and including them 

as dummy variables in the model. I also modeled lagged readmissions using a cubic 

spline. Additionally, I removed several predictors from the model to demonstrate why my 

results may deviate from previously published estimates. I estimated a ‘penalty-only’ 

model which excludes A0124 and A0124 × B0124, retaining the penalty term B0124	and other 

variables. This variation shows how my effect estimates change if the HRRP is modeled 

as a simple binary treatment. I then also removed lagged readmissions from the model, 

7880123, demonstrating how uncontrolled mean reversion overstates the estimated effect 

of the HRRP on readmissions and mortality. 

Third, I estimated a non-parametric version of (2), replacing distance variable 

A0124: 

 

(3) 401 = 51 + !′?!" + @47880123 + -!"27 + 901 

 

In these models, -!"27 is a vector of dummy variables indicating varying degrees of 

hospital distance from the HRRP penalty threshold. The original distance variable A0124 

	
3For instance, Appendix Exhibit 5 from McWilliams et al. (2019) demonstrates that hospital 

referral regions (HRR) in the lowest quartile for readmission rates in 2009 saw a relative -9.6% 
change in admission rates 2009–2014, compared to a -12.0% change for HRRs in the highest 
quartile.38 
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was binned into 0.05 increments (e.g. >0.95 to 1.0, >1.0 to 1.05, >1.05 to 1.10), with the 

group immediately below the penalty threshold as the reference group (>0.95 to 1.0). The 

lack of a prescribed functional form in this step allows me to observe whether the effects 

of the HRRP’s penalties scale in an approximately linear ‘dose-response’ relationship.  

Fourth, I conducted a series of analyses to identify potential heterogeneity in the effect of 

distance from the HRRP penalty threshold based on institutional or geographic features. I 

examined several potential moderating factors which may plausibly affect hospitals’ 

responses to the HRRP: hospital ownership status, hospital size, Medicare share of total 

payments, patient acuity/case mix, disproportionate share percentage, and the number of 

penalized conditions. Previous work has demonstrated that hospitals which are larger or 

non-profit are more likely to undertake and have experience with quality improvement 

initiatives.80 Safety-net hospitals are more likely to face resource constraints compared to 

non-safety-net hospitals,29 and may be less likely to exhibit quality improvements over 

time.81 High patient acuity is often viewed as a barrier to implementation of quality 

improvement initiatives.82 If the models show that hospitals are responding to the 

HRRP’s incentives, the expected responses may be larger for hospitals which have a 

larger Medicare share of payments or are penalized for multiple conditions, since they 

have a larger financial stake.17 o complete this step, I estimated models where I interacted 

the stratification variable with the distance and penalty variables: 

 

(4) 401 = 51 + !′?!" + @47880123 + @3A0124 + @5B0124+	@6A0124 × B0124 + @8H01 +
@9A0124 × H01 + @:B0124 × H01+	@;A0124 × B0124 × H01 + 901 

 

In this model, H01 is the value for the moderating variable at hospital i in time period t. 



	

	

25 

Each moderating variable was dummy-coded with a value of 1 representing an above-

median hospital and 0 representing a hospital at or below the median. Hospital ownership 

was modeled as a categorical variable with three levels: private, nonprofit, and 

government. If either of the resulting @:2; from equation (4) are statistically significant, 

then we would conclude that hospitals with varying levels of H01 exhibit heterogeneity in 

their responses to the labeling and/or incentive effects of the HRRP. 

Lastly, I tested for potential unintended consequences of the HRRP in terms of patient 

mortality. I re-estimated models (2–3) using changes in hospitals’ crude mortality rates as 

the outcome of interest. Since the study outcomes are percentage-point changes in 

readmission or mortality rates, I used ordinary least squares (OLS) regression with 

standard errors clustered at the hospital level and analytic weights using hospitals’ annual 

Medicare discharges for a given condition. Analyses were conducted in Microsoft R 

Open 3.5.1 (Redwood, WA). 

 

Results 

 The final sample included 106,537 hospital-condition-years, with the original 

three HRRP conditions (AMI, heart failure, pneumonia) accounting for approximately 

80% of the sample (Table 2.1). The most recently added condition, CABG, comprised 

only 1.7% of the sample and was thus excluded from the analyses of potential effect 

heterogeneity. Most hospitals in the sample were non-profit (66%) and located in urban 

areas (77%), with fewer than 250 beds (66%) and an average daily census of 100 patients 

or less (51%).  
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Figure 2.2 displays the relationship between binned percentages of CRR during 

the pre-HRRP period (2009–2012) and annual changes in CRR for the following year. 

The relationship is approximately linear and monotonically decreasing for each 

condition, providing graphical evidence of mean reversion in hospitals’ CRRs. Appendix 

A2 shows the results from estimation of equation (1). The relationship between changes 

in readmission rates and lagged CRR is highly significant and negative for all six 

conditions, justifying its inclusion as a mean reversion parameter in later models. 

Hospital ERRs were distributed approximately normally around the HRRP 

penalty threshold (Figure 2.3; Appendix A3 for individual conditions). Only 12.6% of 

hospitals had an ERR above 1.1 for a given condition-year; thus, most penalties were 

small in magnitude. Among all hospitals, the average hospital adjustment is 

approximately 0.6%.6  
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Table 2.1 Characteristics of the study sample 

Variable Frequency % 

Condition   

  AMI 21,649 20.3 

  Heart failure 31,650 29.7 

  Pneumonia 31,836 29.9 

  Hip/Knee Replacement 6,530 6.1 

  COPD 13,021 12.2 

  CABG 1,851 1.7 

Ownership   

  Private 21,126 19.8 

  Non-profit 70,308 66.0 

  Government 15,103 14.2 

Urbanity-rurality   

  Rural 24,460 23.0 

  Large urban area 43,955 41.3 

  Other urban area 38,122 35.8 

Total # of beds   

  1–99 26,871 25.2 

  100–249 43,758 41.1 

  250–499 26,667 25.0 

  500+ 9,241 8.7 

Average daily census   

  1–49 30.757 28.9 

  50–99 23,248 21.9 

  100–200 27,778 26.1 

  200+ 24,204 22.8 

!"#$%& Unit of observation is the hospital-condition-year. 
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Figure 2.2 Binned scatter plots for mean reversion in crude readmission rates 
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Figure 2.3 Distribution of hospital ERRs 2013–2018, all conditions 

 
 

Effects on Readmissions 

The adjusted results from equation (2) suggest limited effects of the HRRP on 

changes in readmissions for hospitals below the penalty threshold, and increasing effects 

for hospitals receiving penalties (Table 2.2). The coefficients on lagged CRR were 

significant and negative in the overall model and for individual conditions. After 

accounting for mean reversion, estimates of effect for ERR were generally non-

significant except for hip/knee replacement. A 0.1 increase in ERR for knee replacement 

was associated with a 0.082 percentage-point (pp) decline in CRR the following year 

(95% CI -0.130 to -0.033). Penalty status had negative effects on readmission rates 
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overall (-0.232 pp, 95% CI -0.291 to -0.173). In individual models, penalty status had 

significant effect on changes in CRR for heart failure (-0.254 pp, 95% CI -0.373 to -

0.134) and pneumonia (-0.280 pp, 95% CI -0.386 to -0.173). The interaction term on 

ERR x Penalty was significant both overall (-0.132 pp, 95% CI -0.194 to -0.070) and for 

AMI, heart failure, and hip/knee replacement, suggesting a kink at the threshold and thus 

an incentive effect for those conditions. The kink was largest in magnitude for AMI; a 0.1 

increase in ERR above the penalty threshold was associated with a 0.412 pp decrease in 

CRR (95% CI -0.596 to -0.228). 

Regression predictions from (2) suggest the labeling effect was more than twice 

as important as the incentive effect for readmission reductions (Table 2.3). Setting the 

penalty flag to zero, thus removing the labeling effect, led to an increase of 20,169 

predicted readmissions. Setting the ERR x penalty interaction to zero, thus removing the 

incentive effect, led to an increase of 8,669 predicted readmissions. Overall, I predict 

28,838 readmissions were avoided due to the HRRP from 2013–2018. There were 

approximately 2.05 million readmissions at penalized hospitals during this period, 

suggesting the HRRP reduced readmissions by 1.4 percentage points at penalized 

hospitals. The relative strength of the labeling and incentive effects differed by condition 

(Appendix A4), with the labeling effect predominating for heart failure, pneumonia, 

COPD, and CABG. The incentive effect was more important for AMI and elective 

hip/knee replacement. Elective hip/knee replacement saw the largest relative reduction in 

readmissions due to HRRP implementation, 3.6%. 
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Table 2.2 Adjusted estimates of the effect of the HRRP on readmissions 

Condition Lagged CRR ERR Penalty ERR x Penalty 

AMI -0.151 *** -0.064   -0.143   -0.412 *** 

(0.010) (0.076) (0.082) (0.094) 

Heart Failure -0.193 *** 0.006   -0.254 *** -0.156 * 

(0.010) (0.064) (0.061) (0.069) 

Pneumonia -0.182 *** -0.081   -0.280 *** -0.056   

(0.010) (0.061) (0.054) (0.065) 

Hip/Knee Replacement -0.067 ** -0.082 ** -0.021   -0.129 *** 

(0.021) (0.025) (0.044) (0.027) 

COPD -0.203 *** -0.179   -0.157   -0.024   

(0.015) (0.111) (0.080) (0.111) 

CABG -0.200 ** -0.187   -0.473   0.148   

(0.066) (0.323) (0.303) (0.320) 

All Conditions -0.179 *** -0.027   -0.232 *** -0.132 *** 

(0.004) (0.025) (0.030) (0.032) 

!"#$%&'Shows covariate-adjusted results from estimation of equation 2, stratified by condition. 
Each row is a unique regression specification.  The outcome is annual change in crude 
readmission rate (CRR), expressed as a percentage. *p<0.05 **p<.01 ***p<.001.''
 

Non-parametric results from estimation of equation (3) also suggest minimal 

effects of ERR below the penalty threshold, a discontinuity at the threshold, and an 

approximately linear effect above the threshold (Appendix A5). In adjusted models, there 

are no significant relationship between binned ERRs below the penalty threshold and 

changes in CRRs. In contrast, there is a generally increasing effect of binned ERR above 

the threshold. Overall, changes in CRR were -0.536 pp lower (95% CI -0.682 to -0.394) 

at hospitals with ERRs of 1.2 or greater, compared to hospitals just below the penalty 

threshold (>0.95 to 1.0). In individual models, the corresponding changes were largest for 

at hospitals with ERRs of 1.2 or greater, compared to hospitals just below the penalty 

threshold (>0.95 to 1.0). In individual models, the corresponding changes were largest for 
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Table 2.3 Predicted effect of the HRRP on total readmissions, 2013–2018!  

  Changes in readmissions 

Effect Type 
Absolute change 

(#) 

% change, all 

hospitals 

% change, 

penalized hospitals 

Labeling Effect1 -20,169 -0.56 -0.98 

Incentive Effect2 -8,669 -0.24 -0.42 

Both Effects3 -28,838 -0.80 -1.41 

!"#$%& There were approximately 3.62M readmissions at all hospitals and 2.05M readmissions 
at penalized hospitals from 2013–2018. 1Changes in adjusted regression predictions if the 
penalty flag is changed to 0 for all hospitals. 2Changes in adjusted regression predictions if the 
ERR x penalty flag interaction is changed to 0 for all hospitals. 3May not equal the sum of 
individual effects due to rounding. 

AMI (-1.416 pp, 95% CI -1.937 to -0.895) and COPD (-0.603 pp, 95% CI -1.199 to -

0.007), again comparing hospitals with ERRs of 1.2 or greater to hospitals just below the 

penalty threshold. The effect estimates for CABG showed a generally decreasing gradient 

above the threshold but were not significant. These results are displayed graphically for 

the overall model Figure 2.4 and for individual conditions in Appendix A6. The figures 

display effect plots for hospitals’ predicted annual changes in readmissions 2013–2018, 

based on the binned excess readmissions ratios. The effect plots also account for mean 

reversion, secular declines, and other covariates. Qualitatively, these results also suggest 

a discontinuity at the penalty threshold and an incentive effect for heart failure, 

pneumonia, COPD, and CABG. 
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Figure 2.4 Overall plot of effects of HRRP penalties on readmissions 

 
!"#$%& The figure displays hospitals’ predicted annual changes in readmissions based on binned 
excess readmissions ratios. Models include lagged crude readmission rate (CRR), excess 
readmission ratio (ERR), penalty status, the interaction between penalty status, and additional 
hospital & community-level covariates described in the text. Blue dots are point estimates, pink 
bars are 95% confidence intervals. 
 
!

Effects on Mortality 

This portion of the analyses focuses on five of the six HRRP conditions: AMI, 

heart failure, pneumonia, COPD, and CABG. Mortality data are not captured for hip/knee 

replacements in Hospital Compare due to the low risk of these procedures. In adjusted 

models, the HRRP’s financial incentives have no clear relationship with mortality (Table 

2.4). The estimated effects of lagged crude mortality rate (CMR) are generally negative 
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and significant, again suggesting the presence of mean reversion. The coefficients for 

penalty receipt, ERR, and the interaction between ERR and penalty receipt are small and 

insignificant in the overall model and in four of five condition-specific models. The one 

exception is a slight labeling effect for COPD; penalty receipt was associated with a 

0.076% increase in mortality for this condition (95% CI 0.010% to 0.142%). Figure 2.5 

displays these results graphically, indicating hospitals’ predicted annual changes in 

mortality based on the binned excess readmissions ratios (see Appendix A7 for individual 

conditions). Qualitatively, these results provide no evidence that implementation of the 

HRRP led to changes in mortality rates. There is a generally decreasing gradient for the 

effect of binned ERR on changes in CMR for heart failure, but the effect plot does not 

suggest a discontinuity at ERR=1 due to the penalty label or an increasing effect of 

penalties above the threshold. 

Table 2.4 Adjusted estimates of the effect of the HRRP on mortality 

Condition Lagged CMR ERR Penalty ERR x Penalty 

AMI -0.138 *** -0.072 
 

0.047 
 

0.066   
(0.007) (0.074) (0.092) (0.105) 

Heart Failure -0.129 *** -0.109 
 

-0.032 
 

-0.009 
 

(0.006) (0.056) (0.066) (0.075) 

Pneumonia -0.101 *** 0.026 
 

-0.052 
 

-0.027   
(0.005) (0.049) (0.052) (0.062) 

COPD 0.012 * -0.054   0.076* 
 

-0.001   
(0.005) (0.038) (0.034) (0.047) 

CABG -0.091 *** 0.020   -0.063   -0.068   
(0.025) (0.068) (0.078) (0.081) 

All Conditions -0.102 *** -0.029   -0.016   -0.024   

(0.003) (0.029) (0.033) (0.039) 

!"#$%& Shows covariate-adjusted results from estimation of equation 2, stratified by condition. 
Each row is a unique regression specification.  The outcome is annual change in crude 
mortality rate (CMR), expressed as a percentage. *p<0.05 **p<.01 ***p<.001.  
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Figure 2.5 Overall plot of effects of HRRP penalties on mortality 

 
!"#$%& The figure displays hospitals’ predicted annual changes in mortality based on binned 
excess readmissions ratios. Models include lagged crude mortality rate (CMR), excess 
readmission ratio (ERR), penalty status, the interaction between penalty status, and additional 
hospital & community-level covariates described in the text. Blue dots are point estimates, pink 
bars are 95% confidence intervals 
 
!

Effect Heterogeneity 

The covariate-adjusted results from estimation of equation (4) are presented in 

Appendices 8–12. These tables contain results for analyses of potential moderating 

effects of hospitals’ Medicare share of total payments, case mix index, disproportionate 

share percentage, number of penalized conditions, and ownership status. Columns 2–6 on 

present main effects of the various HRRP incentives on changes in CRR, while columns 
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7–10 present interaction effects between these incentives and the moderating variable. 

For brevity, main effects are omitted from Appendix A12 and all columns contain 

interaction effects between the HRRP and ownership status. While inclusion of the 

moderating variables led to small changes in coefficient estimates for the main effects, 

the interaction terms between the HRRP variables and moderating variables are 

insignificant for Medicare share of total payments, disproportionate share percentage, and 

the number of other penalized conditions. Hospitals with above-median case mix indices 

exhibited weaker responses to the labeling effect of the HRRP both overall (+0.140 pp 

change in CRR, 95% CI 0.039 to 0.241) and for heart failure (+0.294 pp, 95% CI 0.095 

to 0.493), compared to below-median hospitals. Overall, government hospitals exhibited 

stronger responses to the HRRP penalty label compared to for-profit hospitals (-0.242 pp, 

95% CI (-0.416 to -0.067) although this effect was not significant for individual 

conditions.  

 

Sensitivity Analyses 

The results from equation (2) were robust to several variations in functional form 

(Table 2.5), including the inclusion of quartile dummies for annual percentage-point 

changes in hospital discharges and alternative specifications for lagged readmissions. The 

most conservative results were found for the specification with lagged readmission rates 

modeled as cubic splines; penalty status was associated with a -0.215pp annual decline in 

CRR (95% CI -0.276 to -0.154), and a 0.1 increase in ERR above the penalty threshold 

was associated with a -0.077pp decrease (95% CI -0.145 to -0.010). The spline model  
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Table 2.5 Sensitivity analyses for the effects of the HRRP on readmissions 

Model ERR Penalty ERR x Penalty 

Baseline model1 -0.027   -0.232 *** -0.132 *** 

(0.025) (0.030) (0.032) 

Baseline w/ changes in 
discharges2 

-0.030   -0.231 *** -0.129 *** 

(0.025) (0.030) (0.032) 

Baseline w/ binned CRR3 -0.213 *** -0.201 *** -0.099 ** 

(0.026) (0.031) (0.034) 

Baseline w/ CRR splines4 -0.092 ** -0.215 *** -0.077 * 

(0.032) (0.031) (0.034) 

Baseline w/o lagged CRR5 -0.415 *** -0.532 *** -0.164 *** 

(0.024) (0.030) (0.032) 

Penalty-only model6 --   -0.291 *** --   

-- (0.027) -- 

Penalty-only model w/o lagged 

CRR7 
--   -1.135 *** --   

-- (0.023) -- 

!"#$%& Each row is a variation of the regression specification described in equation 2, with 
pooled conditions and adjusted for covariates.  The outcome is annual change in crude 
readmission rate (CRR), expressed as a percentage. *p<0.05 **p<.01 ***p<.001. 1Results from 
baseline estimation of equation 2. 2Adds dummy variables indicating annual changes in 
discharges, binned into quartiles. 3Lagged CRR is modeled as binned deciles instead of a 
continuous predictor. 4Lagged CRR is modeled as a cubic spline. 5Model excludes lagged 
CRR. 6Model retains the penalty flag but excludes terms for lagged ERR and the ERR x 
penalty interaction. 7Model retains the penalty flag but excludes terms for lagged ERR, the 
ERR x penalty interaction, and lagged CRR. 

predicts fewer avoided readmissions 2013–2018 due to HRRP implementation than the 

baseline model, -23,763, for a relative decrease of -1.2% at penalized hospitals (Table 

2.6). Penalty status or distance above the penalty threshold was not associated with 

changes in mortality for these alternative specifications (Appendix 13). 

 The second halves of these tables demonstrate how uncontrolled mean reversion 

or modelling the HRRP as a simple binary exposure may lead to biased estimates of 

effect. For instance, excluding lagged readmission/mortality rates from model (2) more 
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than doubles the observed effect of penalty status on changes in CRR (-0.532pp, 95% CI 

-0.590 to -0.473) and the predicted number of avoided readmissions (57,006). The effect 

of penalty status on mortality rate also becomes significant (-0.108pp change in CRR, 

95% CI -0.172 to -0.043). Combining the removal of lagged rates with a simple binary 

exposure to HRRP penalties quadruples the estimated effect of penalty status on changes 

on CRR (-1.135pp, 95% CI -1.180 to -1.090) and avoided readmissions (98,735), while 

further increasing the estimated reductions in mortality rate due to penalty status 

(-0.159pp, 95% CI -0.207 to -0.111). 

 

Discussion 

 These results demonstrate that the HRRP significantly reduced readmissions for 

five of the six eligible conditions: AMI, heart failure, pneumonia, hip/knee replacement, 

and COPD. Overall, I estimate that 28,838 readmissions were avoided due to the HRRP 

from 2013–2018. This equates to a decline in readmission rates of 1.4 percentage points 

at penalized hospitals. The magnitude of readmission reductions was larger for the 

original three conditions targeted by the HRRP and for hospitals with greater distance 

above the penalty threshold.  

 Moreover, I demonstrated that the HRRP’s effects on readmissions can be 

partitioned into labeling and incentive effects. A labeling effect occurs due to receipt of 

any penalty, while the incentive effect represents the dose-response relationship between 

the size of a hospital’s penalty under the HRRP and changes in future readmissions. 
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Table 2.6 Sensitivity analyses for predictions for the HRRP's effects on total 
readmissions, 2013–2018 

    Changes in readmissions 

Model Effect Type 
Absolute 

change (#) 
% change, 

all hospitals 

% change, 

penalized 
hospitals 

Baseline model1 Labeling Effect8 -20,169 -0.56 -0.98 

Incentive Effect9 -8,669 -0.24 -0.42 

Both Effects10 -28,838 -0.80 -1.41 

Baseline w/ changes 
in discharges2 

Labeling Effect8 -20,058 -0.55 -0.98 

Incentive Effect9 -8,486 -0.23 -0.41 

Both Effects10 -28,544 -0.79 -1.39 

Baseline w/ binned 
CRR3 

Labeling Effect8 -17,529 -0.48 -0.86 

Incentive Effect9 -6,525 -0.18 -0.32 

Both Effects10 -24,054 -0.66 -1.17 

Baseline w/ CRR 

splines4 

Labeling Effect8 -18,684 -0.52 -0.91 

Incentive Effect9 -5,079 -0.14 -0.25 

Both Effects10 -23,763 -0.66 -1.16 

Baseline w/o lagged 

CRR5 

Labeling Effect8 -46,248 -1.28 -2.26 

Incentive Effect9 -10,757 -0.30 -0.52 

Both Effects10 -57,006 -1.58 -2.78 

Penalty-only model6 Labeling Effect8 -25,358 -0.70 -1.24 

Incentive Effect9 -- -- -- 

Both Effects10 -- -- -- 

Penalty-only model 

w/o lagged CRR7 

Labeling Effect8 -98,735 -2.73 -4.82 

Incentive Effect9 -- -- -- 

Both Effects10 -- -- -- 

!"#$%& There were approximately 3.62M readmissions at all hospitals and 2.05M readmissions 
at penalized hospitals from 2013–2018. The table displays regression predictions for avoided 
readmissions under the HRRP. 1Predictions from baseline estimation of equation 2 2Adds 
dummy variables indicating annual percentage-point changes in discharges, binned into 
quartiles. 3Lagged CRR is modeled as binned deciles instead of a continuous predictor. 
4Lagged CRR is modeled as a cubic spline. 5Model excludes lagged CRR. 6Model retains the 
penalty flag but excludes terms for lagged ERR and the ERR x penalty interaction. 7Model 
retains the penalty flag but excludes terms for lagged ERR, the ERR x penalty interaction, and 
lagged CRR. 8Changes in adjusted regression predictions if the penalty flag is changed to 0 for 
all hospitals. 9Changes in adjusted regression predictions if the ERR x penalty flag interaction 
is changed to 0 for all hospitals. 10May not equal the sum of individual effects due to rounding. 
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Nearly three-quarters (70%) of readmission reductions are attributable to the 

labeling effects of the HRRP, while the remaining 30% are attributable to the magnitude 

of the program’s financial penalties. However, the relative strengths of the labeling and 

incentive effects varied by condition. I find the majority of avoided readmissions were 

attributable to the labeling effect for heart failure, pneumonia, COPD, and CABG. In 

contrast, the incentive effect was associated with greater declines in readmissions for 

AMI and elective hip/knee replacement.  

I did not find evidence that hospital responses due to either effect were moderated 

by differences in Medicare share of total payments, the proportion of low-income 

patients, or the number of penalized conditions. In contrast, hospitals serving more 

clinically-complex patients (in terms of case mix index) had an attenuated labeling effect 

both overall and for heart failure readmissions. Government-owned hospitals exhibited 

larger labeling effects compared to privately-owned hospitals. These results 

notwithstanding, my findings suggest the HRRP was able to modify behavior across a 

wide range of hospital settings. Certain types of hospitals with a disproportionate 

likelihood of receiving penalties (e.g. those serving an above-median share of low-

income patients) were just as likely to respond to the HRRP as hospitals with lower 

likelihoods (e.g. those serving a below-median share of low-income patients). 

My findings suggest that hospitals were able to lower readmission rates without raising 

mortality rates as an unintended consequence. Thirty-day post-discharge mortality 

declined from 2009–2018 for AMI, heart failure, and pneumonia; remained steady for 

CABG; and increased slightly for COPD. While a causal analysis of increased COPD 
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mortality is outside the scope of the present study, national trends suggest this could be 

due to the aging U.S. population. COPD mortality rates are declining slightly for younger 

age groups but still increasing for those aged 75+.83 Despite these secular trends, I 

generally found no evidence tying the HRRP’s financial incentives to changes in hospital 

mortality rates after adjustment. Hospitals with higher ERRs for heart failure tended to 

exhibit greater declines in mortality, but this relationship was not moderated by penalty 

receipt. Thus, it appears that readmissions and post-discharge mortality are not 

substitutes. 

The estimated magnitudes for the effects of HRRP implementation on 

readmission rates are smaller than those found in previous evaluations, which suggest 

readmissions declined by up to 5% at penalized hospitals.15,18–20,36 This result is expected 

since Joshi et al. (2019) and McWilliams et al. (2019) have suggested most the estimated 

declines in readmission rates were due to uncontrolled mean reversion or secular 

trends.37,38 I also find a significant effect of the HRRP across five of six conditions where 

others evaluations were less consistent. The results of my mortality models comport with 

Ziedan (2018) and Khera et al. (2019), who also found no effects of HRRP 

implementation on post-discharge mortality.17,60 I was unable to replicate the results of 

previous research suggesting the HRRP lowered18,59 or increased mortality,57,58 both 

overall or for individual conditions.  

What could plausibly explain these differences? Previous evaluations of the 

HRRP have generally relied on interrupted time series designs that are especially 

susceptible to bias from concurrent events such as other CMS policy changes,38,84,85 or 
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difference-in-differences approaches which depend on the parallel trends assumption in 

the pre-HRRP period, an assumption that has been shown to be problematic.17,37 In 

contrast, the present study relied on crude instead of adjusted rates to avoid bias due to 

strategic behavior by hospitals, and accounted for regression to the mean and secular 

declines in admissions/readmissions by controlling for lagged rates and year fixed effects. 

I provide strong evidence of mean reversion in both readmission and mortality rates, 

which comports with the work of Joshi et al. (2019).37 Uncontrolled mean reversion, 

hospital upcoding, and secular declines in admissions each are expected to place an 

upward bias on estimates of the HRRP’s effects. My sensitivity analyses suggest that the 

larger estimated declines in readmission rates and mortality rates for targeted conditions 

found by Gupta (2017) and Mellor et al. (2016) were potentially due to uncontrolled 

mean reversion and the treatment the HRRP penalties as a binary exposure.18,20 The 

regression kink models used here thus result in effect estimates that are likely more valid 

than a traditional difference-in-differences (DID) approach in terms of likelihood that the 

models’ assumptions are met.   

 

Limitations 

This study has several important limitations. First, the study design is 

observational in nature. I am unable to make inferences about causality or particular 

hospital responses to the HRRP that led to the observed changes in readmissions. That 

said, the regression kink / discontinuity approach used here is a strong quasi-experimental 

design, and controls for mean reversion, declining admissions, and secular trends make it 
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unlikely that the observed reductions in readmissions were due to unobserved 

confounding factors. Second, the CMS Hospital Compare data is reported at the hospital-

year level. I am unable to calculate what hospitals’ ERR would have been in the years 

during which hospital readmission rates were publicly reported but subject to penalties 

(2010–2012) or earlier. With access to raw Medicare data, these pre-HRRP periods could 

serve as negative controls. Third, while Hospital Compare contains data on a variety of 

other quality measures (e.g., patient satisfaction, Medicare spending per beneficiary), 

these measures are aggregated at the hospital level and not stratified by HRRP-eligible 

conditions. I also cannot observe observation stays, although previous research found that 

readmission reductions were not achieved through an increase in observation stays.86 The 

effects of the HRRP on these outcomes remains an important and unanswered question. 

Lastly, HRRP implementation occurred at a watershed moment in U.S. healthcare. HRRP 

implementation coincided with the Hospital Value-Based Purchasing (VBP) Program,84 

CMS policy changes that encouraged upcoding by allowing hospitals to submit twenty-

five diagnosis codes with each claim (up from 10),85 and was immediately followed by 

some of the Affordable Care Act’s most important provisions such as Medicaid 

expansion and creation of the Individual Marketplaces for health insurance.87 I attempt to 

control for these threats to study validity through inclusion of additional variables in all 

regression specifications such as CMS payment modifiers (e.g. adjustments for VBP, 

case mix, wage index) and annual fixed effects. Further, the Medicare population was not 

a primary target of the ACA’s reforms. For other policy changes to confound this 

analysis, they would need to be time variant, associated with changes in crude hospital 
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readmission rates, and associated with hospital ERRs. 

  



	

	

45 

CHAPTER 3: LOCAL SUPPLY OF POST-DISCHARGE CARE OPTIONS 

PREDICTS HOSPITAL READMISSION RATES 

Introduction 

The HRRP’s risk adjustment algorithm adjusts for variation in hospitals’ volume 

and case mix as well as patients’ risk factors for readmission (age, gender, and selected 

clinical comorbidities). However, several community-level factors have been associated 

with patients’ likelihood of readmission that are external to the quality of hospital care 

such as nursing home quality, rurality, ratios of general practitioners to specialists, 

specialist availability, poverty rates, and rates of college education.28,88,89 Greater local 

availability of family physicians has also been associated with lower readmission rates.90 

Evidence related to the availability of nursing homes and skilled nursing facilities (SNFs) 

has been mixed; while some previous research suggests that greater supply is associated 

with higher readmission rates,91,92 others found that counties with the greatest access to 

nursing homes and SNFs had lower readmissions.28,57 Research on the relationships 

between readmissions and local availability of home health care and nurse practitioners 

(NPs) is limited. Home health care services have been associated with increased 

readmission risk,93 perhaps due to frequent changes in staffing and its impact on 

continuity of care.94 Home health providers may also notice patient safety issues that had 

been previously unaddressed. NPs have been successfully employed in interventions to 

reduce readmissions,95 but their community-level association was not studied. These 

previous works, while valuable, often focused on local effects of community 

characteristics on a single hospital or health system, a single year of cross-sectional data, 
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on a limited range of post-discharge care options, and did not account for the federal 

policy environment (e.g., pay-for-performance programs, P4P) which may affect hospital 

readmissions. Different types of post-discharge care supply (PDCS) may be correlated, 

and a more comprehensive approach is needed to parse out their individual effects.   

In this study, our objectives were to assess whether hospitals’ 30-day readmission 

rates were associated with localized access to PDCS such as primary care physicians 

(PCPs), NPs, skilled nursing facilities, nursing homes, hospices, and home health 

agencies. We use panel data on hospitals to exploit variation over time in a range of these 

measures, explicating the population-level effects of PDCS on hospital readmission rates. 

We account for a wide variety of factors which may confound the relationship between 

PDCS and readmissions such as demographics, hospital characteristics, and P4P 

incentives which have been associated with both readmissions and access to care.4,29,63,96 

Approximately 78 million U.S. citizens reside in areas designated by the Health 

Resources & Services Administration (HRSA) as having shortages of either healthcare 

providers or facilities,97,98 and rural areas are disproportionately represented.99 Hospitals 

in these underserved areas could experience higher 30-day readmissions if they are 

unable to make referrals to adequate post-discharge care in their communities. If found, a 

robust association between PDCS and readmission rates would suggest that incentive 

programs such as the HRRP may be rewarding or penalizing hospitals for characteristics 

of the communities they serve and not solely the quality of care they provide. 
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Methods 

Data Sources 

Data on hospitals’ 30-day readmission rates were obtained from the Centers for 

Medicare & Medicaid Service’s (CMS) Hospital Compare.40  Hospital Compare is 

publicly available and contains annual hospital-level 30-day readmission rates for HRRP-

eligible conditions since 2009.  The dataset covers more than 4,000 Medicare-certified 

hospitals, and is designed to both help patients make decisions about where they receive 

care and encourage hospitals to improve quality of care.   

Supplemental hospital institutional and payment characteristics were drawn from 

the American Hospital Association’s (AHA) Annual Survey database and CMS’ Hospital 

Inpatient Prospective Payment System (IPPS) Impact Files.100,101 The AHA database 

covers more than 6,300 hospitals and contains data on ownership arrangements, safety-

net status, number of beds, and availability of palliative care services. The CMS Impact 

Files contain data for a variety of factors used by CMS including readmissions penalties 

under the Hospital Readmission Reduction Program.64 

Annual county-level data on demographics, insurance coverage, and PDCS, 

including health workforce and health-related infrastructure, were obtained from HRSA’s 

2009–2019 Area Health Resource Files (AHRF).  CMS’ Hospital Service Area (HSA) 

Files were used to combine hospital and county-level data.102 HSA files are summaries of 

calendar year Medicare inpatient hospital fee-for-service claims data and contain the 

number of discharges by hospital provider number and the ZIP code tabulation area 

(ZCTA) of the Medicare beneficiary. We first assigned ZCTAs to counties using the U.S. 
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Census Bureau’s Relationship Files.103 We then calculated a weighted average of the 

AHRF variables for each hospital, according to the proportion of their discharges that 

were attributable to each county in a given year. 

 

Key Outcomes & Explanatory Variables 

Our primary outcome was hospitals’ annual crude readmission rates (CRR) 

reported in Hospital Compare. CMS uses three previous years of data to generate hospital 

CRRs, with approximately a one-year lag; e.g., CRRS for fiscal year 2018 are calculated 

using hospital performance data from June 2013 through July 2016. We focused on 

readmission rates for acute myocardial infarction, heart failure, and pneumonia since 

these were the original three conditions targeted by the HRRP and thus are available in 

Hospital Compare starting in 2009. 

Our key predictors of interest included several measures of PDCS within each 

hospital’s catchment area; per capita counts of home health agencies, nurse practitioners, 

primary care physicians (PCPs), licensed nursing home beds, skilled nursing facility 

beds, and Medicare-certified hospice facilities. Hospices could be either inpatient or 

outpatient. For PCPs, we limited our analysis to non-federal, office-based general 

practice physicians. Additionally, we included a dummy variable taking on a value of one 

if the hospital had access to a palliative care service either internally, within the same 

health system, or through a joint venture. Palliative care may reduce unwanted life-

sustaining treatment at the end of life and allow patients to remain at home, and its use 

has been associated with lower readmissions in both observational and experimental 
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studies.104,105  

In addition to PDCS measures, our adjusted models controlled for a variety of 

other factors that may plausibly affect hospitals’ readmission rates. These included 

demographic variables from the AHRF including the percent of residents in the hospitals’ 

catchment who were in poverty, unemployed, uninsured, or enrolled in Medicare.15,106 

Institutional factors included hospital ownership status (private, investor-owned; private, 

not-for-profit; government), safety net status (yes/no), number of licensed beds (<200, 

200 to 399, 400+), and within-hospital crude death rates.63,107 We included two HRRP 

performance variables:’ excess readmission ratios (ERR) comparing each hospital’s 

readmissions rate relative to a risk-adjusted national average, and a dummy variable for 

whether the hospital received a penalty for any condition in the previous year. We 

controlled for a variety of CMS adjustments to hospital payments: case mix index 

(representing the clinical complexity and resource needs in the hospital’s patient 

population),69 disproportionate share (DSH) patient percentage (used to adjust payments 

to hospitals that serve a high volume of low-income patients),70 the percentage of 

operating payments that are outliers (high cost cases qualifying for additional 

reimbursements),71 geographic adjustment factor (reimbursement changes based on 

regional differences in estimated operating expenses), local wage index (used to adjust 

labor share of reimbursements),72 and value-based purchasing adjustment factor (payment 

adjustments based on observed inpatient care quality).73 Lastly, we included year fixed 

effects. 

All continuous variables were Z-scored due to their widely varying ranges; 
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coefficients should be interpreted as the expected percentage point (pp) change in 

hospitals’ crude readmission rates due to a one standard deviation (SD) increase in a 

given predictor. 

 

Statistical Analyses 

Our unit of observation was the hospital-condition-year.  Our analysis proceeded 

in four steps. We first created county-level maps of both raw and standardized PDCS, 

elucidating geographic disparities in access. Hospital maps were not created due to 

overlapping catchment areas. We then estimated bivariate linear regressions to assess 

how hospital readmission rates varied according to local availability of PDCS. Next, we 

estimated separate adjusted mixed effects linear regression models with hospital random 

effects. The PDCS for a given hospital’s catchment area exhibited limited changes during 

the study period, precluding the use of hospital fixed effects. Therefore, this analysis 

exploits variation over time both within and between hospitals. Lastly, we conducted 

several sensitivity analyses including alternative weighting of the PDCS measures by 

total county-level discharges instead of population, removal of hospital random effects, 

or limiting our palliative care variable to only measure whether this service was hospital-

based. For each step, we estimated both a pooled model including all three conditions as 

well as condition-specific models. All analyses were conducted using Microsoft R Open 

version 3.5.3 (Redwood, WA). 
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Results 

Our final sample included 50,659 hospital-condition-years from 3,031 unique 

hospitals (Table 3.1). The sample’s institutional characteristics were representative of 

U.S. hospitals in general; the majority of hospitals were non-profit, located in urban 

areas, and operated a hospital-based palliative care service.108,109 The median hospital had 

between 100–249 beds and an average daily census of 50–99 patients.  

 

Geographic Availability of PDCS 

Access to post-discharge care supply varied widely based on hospitals’ catchment 

areas. For instance, while the mean hospital’s catchment contained 636.7 skilled nursing 

facility beds per 100,000 residents (95% CI 635.2 to 638.2), individual hospitals’ 

catchments had between 185.0 and 1948.7 SNF beds. Individual PDCS measures 

generally exhibited low to moderate correlations with each other (Appendix B1). The 

supplies of hospices, skilled nursing facilities, and home health agencies were the most 

strongly correlated (r=0.45 to 0.61). Figure 3.1 displays the county-level skilled nursing 

facility beds per capita for 2019; similar maps for PCPs, NPs, nursing homes, hospices 

and home health agencies are available in the Appendices B2–B6. Major population 

centers (e.g., Los Angeles, New York, Chicago, Boston, San Francisco) had greater raw 

counts of SNF beds but did not exhibit an oversupply of PDCS per 100,000 residents. In 

contrast, the Great Plains had several counties with PDCS per capita that were two or 

facility beds per 100,000 residents (95% CI 635.2 to 638.2), individual hospitals’ 

catchments had between 185.0 and 1948.7 SNF beds. Individual PDCS measures 
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Table 3.1 Selected characteristics of the study sample 

Variable Mean 95% CI 

 Ownership status (%)     

  For-profit 18.8 (18.5, 19.2) 

  Non-profit 67.6 (67.2, 68.1) 

  Government 13.5 (13.2, 13.9) 

Urbanity-rurality (%)     

  Rural 24.4 (24.0, 24.8) 

  Large urban area 40.3 (39.9, 40.8) 

  Other urban area 35.3 (34.8, 35.7) 

Total # of beds (%)     

  1–99 21.9 (21.5, 22.3) 

  100–249 39.7 (39.2, 40.2) 

  250–499 26.7 (26.3, 27.1) 

  500+ 11.8 (11.5, 12.1) 

Post-discharge care supply1     

  Home health agencies 3.8 (3.8, 3.9) 

  Nursing facility beds2 23.6 (23.2, 24.0) 

  Skilled nursing facility beds2 636.7 (635.2, 638.2) 

  Hospices 1.4 (1.4, 1.4) 

  Primary care physicians3 24.7 (24.6, 24.7) 

  Nurse practitioners 50.0 (49.9, 50.2) 

Access to palliative care (%)     

  Hospital-based 57.9 (57.4, 58.5) 

  Within the same health system 20.4 (20.0, 20.8) 

  Through a joint venture 5.8 (5.6, 6.0) 

  Any of the above 71.3 (70.8, 71.7) 

!"#$%& N=50,659 hospital-condition-years. 1Estimated rate per 100,000 residents in the 
hospital's catchment area; see text for details. 2Medicare-certified providers. 3Includes only 
non-federal general practice physicians who are office-based and involved in direct patient 
care. 

 

	  



	

	

53 

generally exhibited low to moderate correlations with each other (Appendix B1). The 

supplies of hospices, skilled nursing facilities, and home health agencies were the most 

strongly correlated (r=0.45 to 0.61). Figure 3.1 displays the county-level skilled nursing 

facility beds per capita for 2019; similar maps for PCPs, NPs, nursing homes, hospices 

and home health agencies are available in the Appendices B2–B6. Major population 

centers (e.g., Los Angeles, New York, Chicago, Boston, San Francisco) had greater raw 

counts of SNF beds but did not exhibit an oversupply of PDCS per 100,000 residents. In 

contrast, the Great Plains had several counties with PDCS per capita that were two or 

three-plus standard deviations above the mean. Despite lower counts of SNF beds, these 

rural counties also had substantially lower populations; residents in rural areas may still 

face PDCS access barriers due to physical distance. 

 

Regression Results 

We focus our discussion here on the results from adjusted random effects 

regression models shown in Table 3.2; unadjusted bivariate results are available in 

Appendix B7. Palliative care supply was associated with lower AMI readmissions after 

adjustment (-0.87 percentage points per standard deviation [pp/SD], 95% CI -1.40 

to -0.33), but was insignificant in the pooled model. Home health agencies were 

positively associated with readmissions overall (+0.16 pp/SD, 95% CI 0.06 to 0.26), 

which was driven by heart failure readmissions (+0.25 pp/SD, 95% CI 0.12 to 0.39). 

Nursing home beds were associated with lower readmission rates overall (-0.12 pp/SD, 

95% CI -0.20 to -0.03) primarily due to AMI readmissions (-0.31 pp/SD, 95% CI -0.55 to  
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Figure 3.1: Distribution of licensed skilled nursing facility beds by county, 2019 

 
!"#$%&!Authors' analysis of the Health Resources & Services Administration's Area Health 
Resources File. Supply is measured on a county-level per capita basis. 
 
 
-0.07), while skilled nursing facility beds were associated with lower readmissions for 

heart failure only (-0.20 pp/SD, 95% CI -0.34 to -0.06). Hospices were associated with 

lower readmissions both overall (-0.15 pp/SD, 95% CI -0.24 to -0.07) and in condition-

specific models for heart failure and pneumonia. A one SD increase in the supply of 

PCPs was associated with a -0.42 decline in readmission rates (95% CI -0.50 to -0.34), 
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!! U01?(*'T!2,*V>,0V70,>1*! CL8F! CQ8M! CQ8M! CO8C!
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FG(#?/C(*#.()*1(*?#G)6#?)+-?M)5+3*7#+3#H336#)55/*)57#IG(1#C*(6-5+-1H#*()62-??-31#

IG(1#(N5./6-1H#G3?C-+).=7()*#-16-5)+3*?#M*32#+G(#236(.?9#0*(6-5+-J(#J).-6-+7#I)?#*(6/5(6#

31.7#?.-HG+.7O#I-+G#5316-+-31=?C(5-M-5#5=?+)+-?+-5#*)1H-1H#M*32#)#G-HG#3M#89!8#M3*#$%&#

*()62-??-31?#+3#)#G-HG#3M#89:!#M3*#',#*()62-??-31?9#FG/?O#IG-.(#+G(?(#-16-5)+3*?#

531+*-D/+(#C3?-+-J(.7#+3#3J(*)..#*-?P#C*(6-5+-31O#+G(7#)*(#13+#6*-J-1H#C(*M3*2)15(#3M#+G(#

?/C(*#.()*1(*?9##

Q/*#*(?/.+?#M3*#+G(#?/C(*#.()*1(*?#I(*(#).?3#-1?(1?-+-J(#+3#-15./6-1H#31.7#

C*(6-5+3*?#IG-5G#I(*(#M3/16#+3#G)J(#-16(C(16(1+#)??35-)+-31?#I-+G#*()62-??-31?#-1#)#

+I3=?-6(6#+=+(?+O#J(*?/?#/?-1H#R$>>Q#*(H*(??-31#M3*#J)*-)D.(#?5*((1-1H9#FG(#+=+(?+#
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?5*((1-1H#2(+G36#-15*()?(6#+G(#1/2D(*#3M#J)*-)D.(?#C)??(6#31#+3#+G(#?/C(*#.()*1(*O#D/+#

-15*()?(6#+G(#5=?+)+-?+-5#-1#)17#5316-+-31#D7#S898A9#FG/?O#)?#(NC(5+(6O#+G(#R$>>Q#

?5*((1-1H#).H3*-+G2#C*36/5(6#C)*?-231-3/?#236(.?#*(T/-*-1H#.(??#532C/+)+-31).#+-2(O#

I-+G3/+#?)5*-M-5-1H#C*(6-5+-J(#J).-6-+79#$.+(*1)+-J(#2(+G36?#+3#I(-HG+#-16-J-6/).#2)5G-1(#

.()*1-1H#).H3*-+G2?#)16#5*()+(#+G(#?/C(*#.()*1(*#).?3#C*36/5(6#?-2-.)*#*(?/.+?9#

,-H/*(#"9;#6-?C.)7?#+G(#-2C3*+)15(#3M#J)*-)D.(#?/D?(+?#M3*#C*(6-5+-J(#)55/*)57#3M#

+G(#?/C(*#.()*1-1H#).H3*-+G2?9#&1#H(1(*).O#C(*M3*2)15(#3M#+G(#?/C(*#.()*1(*?#6(H*)6(6#

31.7#?.-HG+.7#IG(1#?C(5-M-5#5)+(H3*-(?#3M#C*(6-5+3*?#I(*(#*(23J(69#&<B=E=<%#6-)H13?-?#

536(?#I(*(#+G(#23?+#-2C3*+)1+#J)*-)D.(?#M3*#C*(6-5+-31U#(N5./?-31#3M#+G(?(#*(6/5(6#$V<#

D7#898@8#M3*#$%&O#898@@#M3*#',O#)16#898"K#M3*#C1(/231-)9#&16-5)+3*?#M3*#6-?5G)*H(#6)+(#

I(*(#+G(#1(N+#23?+#-2C3*+)1+#?/D?(+O#M3..3I(6#D7#G3?C-+).=7()*#&B?9#WN5./?-31#3M#(N+(*1).#

5)/?(#3M#-1X/*7#<<>#5)+(H3*-(?O#C*-15-C).#6-)H13?(?O#)16#;%#$0Y#BYZ?#.(6#+3#

-1M-1-+(?-2).#6(5.-1(?#-1#?/C(*#.()*1(*#$V<9##
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FG(#6(J(.3C2(1+#3M#).H3*-+G2?#M3*#*-?P#?53*(#C*(6-5+-31#G)?#D((1#)1#)*()#3M#

?-H1-M-5)1+#*(?()*5G#-1#2(6-5-1(#)16#C)7=M3*=C(*M3*2)15(#C*3H*)2?9!#!$!%&$!%'$!%(#&1#
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M)5-.-+)+(#-1+(*=G3?C-+).#532C)*-?31?#3*#+3#+)*H(+#G-HG=*-?P#C)+-(1+?#M3*#)#+*)1?-+-31).#5)*(#

-1+(*J(1+-319)$!)*+!)##'3I(J(*O#)#?7?+(2)+-5#*(J-(I#3M#C*(J-3/?#C3C/.)+-31=D)?(6#*-?P#

C*(6-5+-31#236(.?#M3/16#+G(7#G)6#C33*#6-?5*-2-1)+-J(#)D-.-+7O#I-+G#)#5=?+)+-?+-5#*)1H-1H#

M*32#89KK#+3#89:K9!)"#[(#H(1(*)+(6#+G(#?/C(*#.()*1-1H#).H3*-+G2?#/?-1H#)#.)*H(O#1)+-31)..7##
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D2.=.R04/>F=P02A0.=-CR02=P/70-318>8.=7-=86/

S2.H8=-4OC/-70TL.
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*(C*(?(1+)+-J(#53G3*+#)16#3/*#*(?/.+?#532C)*(#M)J3*)D.7#I-+G#+G(?(#C*(J-3/?#I3*P?#-1#

+(*2?#3M#C*(6-5+-J(#J).-6-+79#

<.-1-5-)1?#)*(#).?3#13+3*-3/?.7#-1)55/*)+(#-1#-6(1+-M7-1H#C)+-(1+?#)+#(.(J)+(6#

*()62-??-31#*-?P9!)&$!)%#Q/*#236(.?#/?(6#31.7#)62-1-?+*)+-J(#6)+)#IG-5G#)*(#*3/+-1(.7#

53..(5+(6#M3*#-2C.(2(1+)+-31#C/*C3?(?#)16#53/.6#D(#5).5/.)+(6#)16#(2D(66(6#-1#)1#

(.(5+*31-5#G().+G#*(53*69#>/5G#)#+33.#2)7#D(#6(C.37(6#)+#+G(#C3-1+#3M#5)*(#+3#)??-?+#-1#

5.-1-5).#6(5-?-31=2)P-1H#3*#*(M(**).#+3#)1#-1+(*J(1+-31#+3#*(6/5(#*()62-??-31?9#FG(?(#

*(?/.+?#63#13+#-2C.7#5)/?)+-31#D/+#63#-../?+*)+(#+G(-*#-2C3*+)15(#)?#*-?P#M)5+3*?#M3*#

*()62-??-31#-1#3.6(*#)6/.+?#6-?5G)*H(6#M3..3I-1H#)#G3?C-+).-])+-31#M3*#$%&O#',O#3*#

C1(/231-)9#

Q/*#?+/67#).?3#G)?#?(J(*).#-2C3*+)1+#.-2-+)+-31?9#Q/*#2()?/*(?#3M#J)*-)D.(#

-2C3*+)15(#2)7#13+#D(#-1+(*C*(+(6#)?#5)/?).9#[G-.(#3/*#2(+G36?#)..3I#/?#+3#-6(1+-M7#

IG-5G#M)5+3*?#)*(#23?+#-2C3*+)1+#M3*#)55/*)+(#*-?P#C*(6-5+-31O#+G(#*(?/.+?#63#13+#

1(5(??)*-.7#-2C.7#+G)+#+*()+-1H#3*#236-M7-1H#+G(?(#*-?P#M)5+3*?#)++(1/)+(?#*()62-??-31#*-?P9#

&1#H(1(*).O#2)5G-1(#.()*1-1H#).H3*-+G2?#31.7#)..3I#/?#+3#6(+(*2-1(#.-2-+(6#2()?/*(?#3M#

J)*-)D.(#-2C3*+)15(9!&!#[G-.(#I(#-15./6(6#1()*.7#31(#G/16*(6#5.-1-5).#)16#131=5.-1-5).#

J)*-)D.(?#M*32#+G(#^YBO#3/*#)1).7?-?#2)7#D(#.-2-+(6#D7#)#6()*+G#3M#J)*-)D.(?#M3*#?35-).#

6(+(*2-1)1+?#3M#G().+GO#2(6-5)+-31#G-?+3*7O#G3?C-+).#5G)*)5+(*-?+-5?#3*#C*-3*#G().+G#?(*J-5(#

/+-.-])+-319##'3?C-+).?#)16#C)+-(1+?#)*(#).?3#)??-H1(6#1(I#&B#1/2D(*?#I-+G#()5G#7()*#3M#

6)+)O#)16#+G/?#5)113+#D(#+*)5P(6#)5*3??#7()*?9#[(#(NC(5+#+G)+#H*()+(*#C*(6-5+-J(#)D-.-+7#

53/.6#D(#3D+)-1(6#/?-1H#*-5G(*#6)+)#M*32#(.(5+*31-5#G().+G#*(53*6?9#'3I(J(*O#+G(?(#

.-2-+)+-31?#)MM(5+#C*(6-5+-31?#M*32#D3+G#+*)6-+-31).#C)*)2(+*-5#*(H*(??-31?#)?#I(..#)?#
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2)5G-1(#.()*1-1H#).H3*-+G2?9#$?#2(1+-31(6#()*.-(*O#+G(#?/C(*#.()*1(*#-?#(NC(5+(6#+3#

C(*M3*2#)?72C+3+-5)..7#)+#.()?+#)?#I(..#)?#+G(#D(?+=C(*M3*2-1H#-16-J-6/).#).H3*-+G2#/16(*#
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$231H#%(6-5)*(#D(1(M-5-)*-(?O#'YY0#-2C.(2(1+)+-31#I)?#)??35-)+(6#I-+G#

?-H1-M-5)1+#*(6/5+-31?#-1#;8=6)7?#*()62-??-31?#)+#C(1).-](6#G3?C-+).?#M3*#M-J(#3M#?-N#

(.-H-D.(#5316-+-31?#_<G)C+(*#@`9#FG(#2)X3*-+7#3M#)J3-6(6#*()62-??-31?#I(*(#6/(#+3#+G(#

.)D(.-1H#(MM(5+#3M#+G(#'YY0O#J(*?/?#+G(#2)H1-+/6(#3M#+G(#C(1).+-(?#+G(2?(.J(?9#FG(*(#I)?#

13#(J-6(15(#+G)+#'YY0#-2C.(2(1+)+-31#I)?#)5532C)1-(6#D7#531532-+)1+#-15*()?(?#-1#

C3?+=6-?5G)*H(#23*+).-+79#FG(?(#M-16-1H?#2)7#D(#/?(6#+3#-1M3*2#C3.-57#6-?5/??-31?#31#

M/+/*(#3M#+G(#'YY0U#M3*#-1?+)15(O#<31H*(??#*(5(1+.7#(1)5+(6#.(H-?.)+-31#_)?#C)*+#3M#+G(#@A,-#

<(1+/*7#</*(?#$5+`#+3#-153*C3*)+(#)#?35-3(53132-5#)6X/?+2(1+#-1#G3I#G3?C-+).#

C(*M3*2)15(#-?#)??(??(6#/16(*#+G(#C*3H*)29#>+)*+-1H#-1#@8AEO#<%>#-?#*(T/-*(6#+3#(J)./)+(#

G3?C-+).#C(*M3*2)15(#*(.)+-J(#+3#+G)+#3M#3+G(*#G3?C-+).?#I-+G#?-2-.)*#C*3C3*+-31?#3M#

C)+-(1+?#+G)+#)*(#6/)..7#(.-H-D.(#M3*#%(6-5)*(#)16#M/..=D(1(M-+#%(6-5)-6O#-1?+()6#3M#+G(#

1)+-31).#)J(*)H(9)&#FG(#*(?/.+?#3M#+G(#C*(?(1+#?+/67#53/.6#D(#/?(6#+3#?-2/.)+(#+G(#(MM(5+?#

3M#+G-?#C3.-57#5G)1H(#31#*()62-??-31?O#D)?(6#31#G3I#-+#I3/.6#)MM(5+#+G(#1)+-31).#

6-?+*-D/+-31#3M#G3?C-+).#WYY?#)16#C(1).+-(?9#$66-+-31)..7O#+G(#2(+G363.3H7#3/+.-1(6#G(*(#

2)7#D(#/?(6#+3#231-+3*#5G)1H(?#-1#+G(#'YY0a?#(MM(5+-J(1(??#3J(*#+-2(#)?#+G(#C*3H*)2#-?#

236-M-(6#3*#2)+/*(?O#3*#)6)C+(6#M3*#(J)./)+-31#3M#3+G(*#0"0#C*3H*)2?#IG(*(#C(1).+-(?#)*(#

)??(??(6#31#)#?.-6-1H#?5).(9#,/*+G(*#*(?()*5G#-?#1((6(6#+3#/16(*?+)16#G3?C-+).?a#*(?C31?(?#

+3#+G(#'YY0#)16#5)/?).#2(5G)1-?2?#/16(*.7-1H#+G(#3D?(*J(6#*()62-??-31#*(6/5+-31?9#

&1#5G)C+(*#;O#I(#3D?(*J(6#.3I(*#;8=6)7#*()62-??-31#*)+(?#)+#G3?C-+).?#+G)+#3C(*)+(#

)#C)..-)+-J(#5)*(#?(*J-5(#3*#G)J(#)#H*()+(*#.35).#?/CC.7#3M#0<0?O#G3?C-5(?O#?P-..(6#1/*?-1H#

M)5-.-+7#D(6?O#)16#1/*?-1H#G32(#D(6?9#'3?C-+).?#I-+G#)#H*()+(*#.35).#?/CC.7#3M#G32(#
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G().+G#)H(15-(?#3*#^0?#I(*(#)??35-)+(6#I-+G#-15*()?(6#*()62-??-31?9#Q/*#*(?/.+?#?/HH(?+#

+G)+#G3?C-+).?#2)7#D(1(M-+#M*32#I3*P#+3#-2C*3J(#.35).#)55(??#+3#5)*(#3*#G3?C-+).=

5322/1-+7#C)*+1(*?G-C?#+3#-2C*3J(#531+-1/-+7#3M#5)*(#C3?+=6-?5G)*H(9#Q/*#*(?/.+?#2)7#

G)J(#-2C3*+)1+#-2C.-5)+-31?#M3*#<%>a#*-?P#)6X/?+2(1+#).H3*-+G2#/16(*#+G(#'YY0O#IG-5G#

63(?#13+#)553/1+#M3*#.35).#0B<>9#W1G)15(6#*-?P#)6X/?+2(1+#M3*#0B<>#I3/.6#.()6#+3#

.3I(*#*()62-??-31#+)*H(+?#M3*#G3?C-+).?#+G)+#3C(*)+(#-1#)*()?#I-+G#H*()+(*#?/CC.7#3M#

G3?C-5(?O#C*-2)*7#5)*(O#>^,?O#3*#1/*?-1H#G32(?O#)16#G-HG(*#*()62-??-31#+)*H(+?#M3*#

G3?C-+).?#I-+G#H*()+(*#)J)-.)D-.-+7#3M#G32(#G().+G#)H(15-(?#3*#^0?9#,/+/*(#*(?()*5G#53/.6#

/?(#%(6-5)*(#5.)-2?#6)+)#+3#*(+*3)5+-J(.7#?-2/.)+(#+G(#(MM(5+?#3M#(1G)15(6#*-?P#)6X/?+2(1+#

M3*#0B<>#31#+G(#6-?+*-D/+-31#3M#C(1).+-(?#/16(*#+G(#'YY09#<%>#?G3/.6#).?3#13+#*-?P#

)6X/?+#M3*#+G(#)J)-.)D-.-+7#3M#)#G3?C-+).=D)?(6#C)..-)+-J(#5)*(#?(*J-5(9#0)..-)+-J(#5)*(#-?#

)??35-)+(6#I-+G#*(6/5(6#*()62-??-31?#-1#+G(#C*(?(1+#?+/67#)16#C*(J-3/?#*(?()*5G9"*$"!#Y-?P#

)6X/?+2(1+#I3/.6#6-??/)6(#G3?C-+).?#M*32#-1-+-)+-1H#)#C)..-)+-J(#5)*(#?(*J-5(#)16#C/1-?G#

G3?C-+).?#+G)+#).*()67#G)J(#31(O#D7#6(5*()?-1H#+G(-*#(NC(5+(6#*()62-??-31#*)+(#)16#

-15*()?-1H#+G(-*#.-P(.-G336#3M#*(5(-J-1H#)#C(1).+7#/16(*#+G(#'YY09#

# &1#5G)C+(*#"O#I(#6(J(.3C(6#C*(6-5+-J(#236(.?#/?-1H#?/C(*#.()*1-1H#+3#C*(6-5+#

C)+-(1+?a#*-?P#3M#;8=6)7#*()62-??-31?#M3..3I-1H#)#G3?C-+).-])+-31#M3*#+G*((#5316-+-31?#

-6(1+-M-(6#D7#+G(#'YY0b#$%&O#',O#)16#C1(/231-)9#FG(?(#236(.?#6(231?+*)+(6#H336#

6-?5*-2-1)+-31#)16#5).-D*)+-31O#)16#/16(*?53*(#+G(#-2C3*+)15(#3M#)#J)*-(+7#3M#5.-1-5).#)16#

131=5.-1-5).#5G)*)5+(*-?+-5?#M3*#C*(6-5+-31#3M#*()62-??-31#*-?P9#FG-?#)CC*3)5G#53/.6#D(#

/?(6#+3#-1M3*2#CG7?-5-)1?#*(H)*6-1H#IG-5G#C)+-(1+?#)*(#)+#)1#(.(J)+(6#*-?P#M3*#

*()62-??-31?O#(-+G(*#/?-1H#)#H.3D).#236(.#3*#*(=(?+-2)+-31#/?-1H#6)+)#M*32#)1#-16-J-6/).#
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APPENDIX C: Additional Materials for Chapter 4 

Appendix C1. Flow chart for creation of the analytic sample 
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Appendix C2. Complete list of included predictors and their codings 
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>#.&0%+,)@'.'A@)(F)0(@L%'.6) 5#'"(L(6%'.+)+(+G'#.&0%+,789);#'"(L(6%'.+)'#.&0%+,7<9)

+(+G;#'"(L(6%'.+7[)
))

\(@L%'.6)(/+#"@0%L) 87,(?#"+;#+'9)+(+F#$#".6)CLAI6%&E9)<7L"%?.'#9)+('GF("G
L"(F%'9)[7L"%?.'#9)%+?#@'("G(/+#$)

))

\(@L%'.6)@%]#) 87@;.669)<7;#$%A;9)[76.",#U))>0#)&.'#,("%#@)."#)$#F%+#$)
A@%+,)+A;I#")(F)I#$@9)"#,%(+)(F)'0#)^U3U9)'0#)A"I.+G"A".6)
$#@%,+.'%(+)(F)'0#)0(@L%'.69)%+).$$%'%(+)'()'0#)'#.&0%+,)
@'.'A@U)

))

\(@L%'.6)A"I.+G"A".6)6(&.'%(+) S.",#);#'"(L(6%'.+)."#.@)/%'0).')6#.@')<);%66%(+)
"#@%$#+'@789)@;.66);#'"(L(6%'.+)."#.@)/%'0)6#@@)'0.+)<)
;%66%(+)"#@%$#+'@7<9);%&"(L(6%'.+)."#.@7[9)+(')
;#'"(L(6%'.+)(");%&"(L(6%'.+7P)

))

!.'%#+')6(&.'%(+) !.'%#+')6(&.'%(+B)K.'%(+.6)*#+'#")F(")\#.6'0)3'.'%@'%&@)
CK*\3E)A"I.+G"A".6)&6.@@%F%&.'%(+)@&0#;#)F(")^U3U)
&(A+'%#@B)_*#+'".6_)&(A+'%#@)(F);#'"()."#.@)(F)`7<)
;%66%(+)L(LA6.'%(+789)_F"%+,#_)&(A+'%#@)(F);#'"()."#.@)(F)
`7<);%66%(+)L(LA6.'%(+7<9)&(A+'%#@)%+);#'"()."#.@)(F)
[a89888Obbb9bbb)L(LA6.'%(+7P9)&(A+'%#@)%+);#'"()."#.@)
(F)a89888O[cb9bbb)L(LA6.'%(+7c9);%&"(L(6%'.+)
&(A+'%#@7a9)+(');#'"(L(6%'.+)(");%&"(L(6%'.+)&(A+'%#@7d)

))

R;#",#+&D)$#L."';#+')A'%6%].'%(+) *.'#,("%&.6)?."%.I6#)%+$%&.'%+,)%F)'0#)$%@&0.",#)"#&("$)
%+&6A$#@)#?%$#+&#)(F)#;#",#+&D)$#L."';#+')CRHE)
@#"?%&#@B)"#&("$)$(#@)+(');##').+D)\*^!)RH)&"%'#"%.789)
RH)"#?#+A#)&($#)/.@)(+)3-H)"#&("$7<9)RH)&0.",#)

))
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"#L("'#$)(+)3-H)"#&("$7[9)RH)*!>)L"(&#$A"#)&($#)(+)
3-H)"#&("$7P9)('0#")%+$%&.'%(+)(F)RH)@#"?%&#@7c)

R4L#&'#$)L"%;."D)L.D#") 5#$%&."#789)5#$%&.%$7<9)L"%?.'#)%+@A".+&#7[9)('0#"7P) ))
\(@L%'.6GD#.") HA;;D)?."%.I6#@)F(")#.&0)0(@L%'.6GD#.")-He)c9bff)

$A;;%#@)F(")15-9)f9ga8)F(")0#."')F.%6A"#9)g9df<)F(")
L+#A;(+%.)

))

!"%+&%L.6)$%.,+(@%@) HA;;D)?."%.I6#@)F(")#.&0)-*Hbh<8)&($#e)<8)$A;;%#@)
F(")15-9)[c)F(")0#."')F.%6A"#9)P[)F(")L+#A;(+%.)

))

H%.,+(@%@)&.'#,("%#@) HA;;D)?."%.I6#@)F(")'0#)F%"@')[a)-*Hbh<8)&($#@)
"#&("$#$9)F%"@')P)$%,%'@)(+6De)a8c)A+%JA#)$A;;%#@)F(")
15-9)dgP)F(")0#."')F.%6A"#9)dgf)F(")L+#A;(+%.)

))

H%.,+(@%@)"#6.'#$),"(AL@)CHijE) HA;;D)?."%.I6#@)F(")#.&0)Hij)&($#e)f[)A+%JA#)
$A;;%#@)F(")15-9)g<)F(")0#."')F.%6A"#9)Pc)F(")L+#A;(+%.)

))

P5)166)!.'%#+')i#F%+#$)Hij)
C1!iHijE)

HA;;D)?."%.I6#@)F(")#.&0)1!iHij)&($#e)[c)A+%JA#)
$A;;%#@)F(")15-9)[b)F(")0#."')F.%6A"#9)[a)F(")L+#A;(+%.)

=)

P5)1!iHij9)"%@W)(F);("'.6%'D)
@AI&6.@@)

K()&6.@@)@L#&%F%#$789)5%+(")6%W#6%0(($)(F)$D%+,7<9)
5($#".'#)6%W#6%0(($)(F)$D%+,7[9)5.M(")6%W#6%0(($)(F)
$D%+,7P9)R4'"#;#)6%W#6%0(($)(F)$D%+,7c)

=)

P5)1!iHij9)@#?#"%'D)(F)%66+#@@)
@AI&6.@@)

K()&6.@@)@L#&%F%#$789)5%+(")6(@@)(F)FA+&'%(+)C%+&6A$#@)
&.@#@)/%'0)+()&(;("I%$%'D)(")&(;L6%&.'%(+@E7<9)5($#".'#)
6(@@)(F)FA+&'%(+7[9)5.M(")6(@@)(F)FA+&'%(+7P9)R4'"#;#)
6(@@)(F)FA+&'%(+7c)

=)

*6%+%&.6)*6.@@%F%&.'%(+@)3(F'/."#)
C**3E)&.'#,("%#@)F(")-*Hbh<8)
$%.,+(@#@)

HA;;D)?."%.I6#@)F(")'0#)F%"@')[a)**3)&.'#,("%#@)
"#&("$#$e)<fc)A+%JA#)$A;;%#@)F(")15-9)[8<)F(")0#."')
F.%6A"#9)[8P)F(")L+#A;(+%.)

))

**3)R4'#"+.6)*.A@#)(F)-+MA"D)
*($#@)

HA;;D)?."%.I6#@)F(")AL)'()c)**3)&.'#,("%#@)F(")-*HGbG
*5)#4'#"+.6)&.A@#@)(F)%+MA"De)d)A+%JA#)$A;;%#@)F(")
15-9)<8)F(")0#."')F.%6A"#9)d)F(")L+#A;(+%.)

))

!"(&#$A"#)&($#@) HA;;D)?."%.I6#@)F(")'0#)F%"@')[a)L"(&#$A"#)&($#@)
"#&("$#$e)[[8)A+%JA#)$A;;%#@)F(")15-9)[db)F(")0#."')
F.%6A"#9)[8<)F(")L+#A;(+%.)

))

QA.+GR6%40.A@#")&(;("I%$%'%#@) )) ))
)) *(+,#@'%?#)\#."')F.%6A"#) PbgUb<9)c8[U8<9)c8[U<<9)c8[Ub<9)c8cU8<9)c8cU8P9)c8cU<<9)

c8cU<P9)c8cUb<9)c8cUbP9)c[aUcOc[aUb9)c[gU4)C-*HGbE)
=)

)) *."$%.&).""0D'0;%.@) c[dU89)c[dU<P9)c[dUf9)c[dUb9)c[dU<89)c[dU<[9)c[fU8Oc[fUc9)
c[fUdOc[fUb9)fgaU89)bbdU8<9)bbdU8c9)kcaU89)kaPUP))C-*HG
bE)

=)

)) k.6?A6.")$%@#.@#) 8bPU[9)PbcU4OPbfU49)c[cU49)fcdUPOfcdUd9)kc[U[9)kcPUP))
C-*HGbE)

=)

)) !A6;(+."D)&%"&A6.'%(+)
$%@("$#"@)

c<aU89)c<aU<9)c<dU49)c<fU89)c<fUg9)c<fUb))C-*HGbE) =)

)) !#"%L0#".6)?.@&A6.")$%@("$#"@) 8bPU89)cPfUP9)cc8U49)cc<U49)ccPU<OccPUb9)ccfU<9)aafU<)
aafUb9)kcPUc))C-*HGbE)

=)

)) \DL#"'#+@%(+9)A+&(;L6%&.'#$) c8<U4))C-*HGbE) =)
)) \DL#"'#+@%(+9)&(;L6%&.'#$) c8[U4Oc8aU4))C-*HGbE) =)
)) !.".6D@%@) PPcU<9)Pc[U49)PcPU49)PccU8O)PccUd9)PccUb))C-*HGbE) =)
)) X'0#")+#A"(6(,%&.6)$%@("$#"@) PP<Ub9)PP[U89)PP[U<9)PPPUc9)PPPUa9)PPPUb[9)PPcU4PPaU49)

PPdU[9)Pc8U49)Pc<U49)PcaU49)PcgU<9)PcgUP9)fg8UP9)fgcUP))
C-*HGbE)

=)

)) *0"(+%&)LA6;(+."D)$%@#.@#) c<dUg9)c<dUb9)cb8U4Oa8aU49)a8dUc9)a8gU<9)a8gUg))C-*HGbE) =)
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)) H%.I#'#@9)A+&(;L6%&.'#$) [a8U8O[a8UP)C-*HGbE) =)
)) H%.I#'#@9)&(;L6%&.'#$) [a8UcO[a8Ub))C-*HGbE) =)
)) \DL('0D"(%$%@;) [c8Ub9)[cPU49)[ccU49)[cdU<9)[cdUg))C-*HGbE) =)
)) i#+.6)F.%6A"#) c8PU8<9)c8PU<<9)c8PUb<9)c8cU8[9)c8cU8P9)c8cU<[9)c8cU<P9)

c8cUb[9)c8cUbP9)agaU49)agdU49)aggU89)kc[U89)kcaU<9)kadU4))
C-*HGbE)

=)

)) S%?#")$%@#.@#) 8f8U[[9)8f8U[P9)8f8UP[9)8f8UPP9)8f8Ucc9)8f8Uac9)8f8Ud9)
8f8Ub9)cadU8OcadU[9)af8U49)af<U49)af[U[Oaf[Ug9)afPUP9)
afPUc9)afPUg9afPUb9)kc[Uf))C-*HGbE)

=)

)) !#L'%&)A6&#")$%@#.@#)#4&6A$%+,)
I6##$%+,)

aP<Uf9)aP<Ub9)aP[Uf9)aP[Ub9)aPPUf9)aPPUb9)aPcUf9)aPcUb))
C-*HGbE)

=)

)) 1-H3h\-k) 8c[U4O8ccU4))C-*HGbE) =)
)) SD;L0(;.) [88U4O[8[U49)[8PU89)[PgUd))C-*HGbE) =)
)) 5#'.@'.@'%&)&.+&#") <bdU4O<bbU4))C-*HGbE) =)
)) 3(6%$)'A;(")/%'0(A');#'.@'.@%@) <c8U4O<f[U49)<fcU4O<baU4))C-*HGbE) =)
)) i0#A;.'(%$)."'0"%'%@h&(66.,#+)

?.@&A6.")$%@#.@#@)
ccdU49)f8<U89)f<8U8Of<8Uc9)f<8Ug9)f<8Ub9)f<<U[9)f<cU49)
f<bUP9)f[8U49)f[aU49)f[gUa9)f[gUgb9)f[bUP8))C-*HGbE)

=)

)) *(.,A6(L.'0D) [gdU49)[gfU<9)[gfUPO[gfUa))C-*HGbE) =)
)) XI#@%'D) [fg))C-*HGbE) =)
)) T#%,0')6(@@) [d8U4O[dPU49)fgPU[9)fbbUc))C-*HGbE) =)
)) :6A%$)l)#6#&'"(6D'#)$%@("$#"@) [aPUd9)[fdU4))C-*HGbE) =)
)) m6(($)6(@@).+#;%.) [g8))C-*HGbE) =)
)) H#F%&%#+&D).+#;%.) [g8U<O[g8Ub9)[g<U4))C-*HGbE) =)
)) 16&(0(6).IA@#) [daU[9)[b<U<O[b<UP9)[b<UaO[b<Ub9)P8PU89)P8PUb9)P8aU89)

PafUa9)c[aUa9)aPaUP9)af<U8Oaf<UP9)bg8U49)k<<UP))C-*HGbE)
=)

)) H"A,).IA@#) [b[U49)P8cU49)P8aU[OP8aUb9)kdaUc[))C-*HGbE) =)
)) !@D&0(@#@) [bPUg9)[baU49)[bdU8c9)[bdU<c9)[bdUcc9)[bdUac9)[bfU49)

[bgU4))C-*HGbE)
=)

)) H#L"#@@%(+) [bdU[9)[bdUP9)[bdUa9)P88Uc9)P8bU49)P<<))C-*HGbE) =)
!"#$%&)*(+'%+A(A@)?."%.I6#@)/#"#)ZG@&("#$)I#F("#).+D).+.6D@#@U) ))
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Appendix C3. List of variables retained by LASSO screening algorithms!

!"#$%&'(") *+,) -#."')/.%01"#) !2#13(2%.)
4#5) 6) 6) ))
*7#) 6) 6) 6)
8%9&:."7#)$.'#) 6) 6) 6)
;13<#")(=)&($#$)>"(&#$1"#9) )) )) ))
+.?(")(>#".'%27)"((3)>"(&#$1"#)%2$%&.'(") 6) 6) ))
;13<#")(=)&($#$)$%.72(9#9) 6) 6) 6)
;13<#")(=)&(3("<%$)&(2$%'%(29) 6) 6) 6)
@('.0)&:."7#9) )) 6) 6)
A#27':)(=)9'.B) 6) 6) 6)
C%':%2D:(9>%'.0)$#.':)".'#) 6) 6) 6)
C##E#2$).$3%99%(2) )) 6) ))
F1'D(=D9'.'#)"#9%$#2') 6) 6) 6)
@('.0):(9>%'.0DB#.")$%9&:."7#9) )) )) 6)
G0#&'%H#).$3%99%(2) )) 6) ))
+#$%.2):(19#:(0$)%2&(3#) )) 6) ))
@#.&:%27)9'.'19)(=):(9>%'.0) )) )) ))
-(9>%'.0)(I2#"9:%>) 6) )) 6)
-(9>%'.0)9%J#) )) )) ))
-(9>%'.0)1"<.2D"1".0)0(&.'%(2) )) 6) ))
!.'%#2')0(&.'%(2) )) )) 6)
G3#"7#2&B)$#>."'3#2')1'%0%J.'%(2) 6) 6) 6)
G5>#&'#$)>"%3."B)>.B#") 6) 6) ))
-(9>%'.0DB#.") 6) 6) 6)
!"%2&%>.0)$%.72(9%9) 6) 6) 6)
8%.72(9%9)&.'#7("%#9) 6) 6) 6)
8%.72(9%9)"#0.'#$)7"(1>9)K8LMN) 6) 6) 6)
O+)*00)!.'%#2')L#=%2#$)8LM)K*!L8LMN) 6) 6) 6)
O+)*!L8LMP)"%9E)(=)3("'.0%'B)91<&0.99) 6) 6) ))
O+)*!L8LMP)9#H#"%'B)(=)%002#99)91<&0.99) 6) 6) 6)
Q0%2%&.0)Q0.99%=%&.'%(29)4(='I."#)KQQ4N)
&.'#7("%#9)=("),Q8RSTU)$%.72(9#9) 6) 6) 6)
QQ4)G5'#"2.0)Q.19#)(=),2?1"B)Q($#9) 6) )) ))
!"(&#$1"#)&($#9) 6) 6) 6)
V1.2DG0%5:.19#")&(3("<%$%'%#9) )) )) ))
)) Q(27#9'%H#)-#."')=.%01"#) 6) 6) ))
)) Q."$%.&)."":B':3%.9) )) )) 6)
)) W.0H10.")$%9#.9#) )) )) ))
)) !103(2."B)&%"&10.'%(2)$%9("$#"9) )) )) ))
)) !#"%>:#".0)H.9&10.")$%9("$#"9) 6) 6) ))
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)) -B>#"'#29%(2P)12&(3>0%&.'#$) )) 6) 6)
)) -B>#"'#29%(2P)&(3>0%&.'#$) )) 6) ))
)) !.".0B9%9) )) )) 6)
)) F':#")2#1"(0(7%&.0)$%9("$#"9) )) )) ))
)) Q:"(2%&)>103(2."B)$%9#.9#) )) )) ))
)) 8%.<#'#9P)12&(3>0%&.'#$) )) )) 6)
)) 8%.<#'#9P)&(3>0%&.'#$) 6) )) ))
)) -B>(':B"(%$%93)

L#2.0)=.%01"#)
A%H#")$%9#.9#)
!#>'%&)10&#")$%9#.9#)#5&01$%27)<0##$%27)
*,84S-,W)
AB3>:(3.)
+#'.9'.'%&)&.2&#")
4(0%$)'13(")I%':(1')3#'.9'.9%9)
L:#13.'(%$)."':"%'%9S&(00.7#2)H.9&10.")$%9#.9#9)
Q(.710(>.':B)
F<#9%'B)
C#%7:')0(99)
/01%$)X)#0#&'"(0B'#)$%9("$#"9)
Y0(($)0(99).2#3%.)
8#=%&%#2&B).2#3%.)
*0&(:(0).<19#)
8"17).<19#)
!9B&:(9#9)
8#>"#99%(2)

)) )
))
))
))
))
))
))
))
))
))

6)
6)
))

6)
))
))

6)
)))

)) )
))
))

6)
))

6)
))
))
))
))
)

6))
)

6)
6)
6))
))
)

6)

)) )
))
))
))
))
))

6)
))
))
))
)

6))
))
)

6))
))
))
)))

!"#$%&)*+,Z*&1'#)3B(&."$%.0)%2=."&'%(2[)W."%.<0#9)I%':)310'%>0#)$133B)%2$%&.'("9)."#)
3."E#$).9)%2&01$#$)%=).')0#.9')(2#)."#)"#'.%2#$\)9##)*>>#2$%5)&T)=(").)&(3>0#'#)0%9')(=)H."%.<0#9)
.2$)':#%")&($%279[)
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Appendix C4. Relative efficiency with respect to mean squared error and area 
under the curve for each algorithm, acute myocardial infarction 

Algorithm 
Mean squared 
error (MSE) 

Area under the 
curve (AUC) Final 

weight MSE RE! AUC RE" 
Super learner 0.108 -- 0.715 -- -- 
Main-terms logistic 
regression 0.111 1.03 0.713 1.01 0.25 
Non-negative least squares 0.127 1.18 0.689 1.09 0.23 
K-nearest neighbor 
classification 0.122 1.13 0.603 1.39 0.19 
Multivariate adaptive 
regression splines 0.112 1.04 0.680 1.12 0.16 
Bayesian logistic regression 0.111 1.03 0.713 1.01 0.09 
Random forest 0.112 1.04 0.683 1.11 0.04 
Generalized additive 
regression 0.111 1.03 0.714 1.00 0.03 
LASSO regression 0.111 1.03 0.711 1.01 0.01 
LASSO regression with 
elastic net 0.111 1.03 0.712 1.01 0.00 
Extreme gradient boosting 0.114 1.06 0.676 1.14 0.00 
!"#$%&)LG)Z)"#0.'%H#)#==%&%#2&B[)!8#=%2#$).9)':#)+4G)=(").2)%2$%H%$1.0).07("%':3)$%H%$#$)<B)
':#)+4G)=(")':#)91>#")0#."2#"[)"8#=%2#$).9)':#)KTD*]QN)=(").2)%2$%H%$1.0).07("%':3)$%H%$#$)<B)
KTD*]QN)=(")':#)91>#")0#."2#"[)))
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Appendix C5. Relative efficiency with respect to mean squared error and area 
under the curve for each algorithm, acute myocardial infarction 

Algorithm 
Mean squared 
error (MSE) 

Area under the 
curve (AUC) Final 

weight MSE RE! AUC RE" 
Super learner 0.112 -- 0.707 -- -- 
Generalized additive 
regression 0.116 1.04 0.706 1.00 0.23 

Bayesian logistic regression 0.116 1.04 0.706 1.00 0.22 
Main-terms logistic 
regression 0.116 1.04 0.706 1.00 0.21 

Random forest 0.117 1.04 0.671 1.12 0.14 
Non-negative least squares 0.131 1.17 0.662 1.15 0.08 
Multivariate adaptive 
regression splines 0.117 1.04 0.669 1.13 0.05 

Extreme gradient boosting 0.118 1.05 0.679 1.10 0.05 
LASSO regression with 
elastic net 0.116 1.04 0.705 1.01 0.02 

K-nearest neighbor 
classification 0.128 1.14 0.599 1.37 0.00 

LASSO regression 0.116 1.04 0.705 1.01 0.00 
!"#$%&)LG)Z)"#0.'%H#)#==%&%#2&B[)!8#=%2#$).9)':#)+4G)=(").2)%2$%H%$1.0).07("%':3)$%H%$#$)<B)
':#)+4G)=(")':#)91>#")0#."2#"[)"8#=%2#$).9)':#)KTD*]QN)=(").2)%2$%H%$1.0).07("%':3)$%H%$#$)<B)
KTD*]QN)=(")':#)91>#")0#."2#"[)))
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