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Abstract

Report cards on provider performance are intended to improve consumer decision-making and 

address information gaps in the market for quality. However, inadequate risk adjustment of report-

card measures often biases comparisons across providers. We test whether going to a skilled 

nursing facility (SNF) with a higher star rating leads to better quality outcomes for a patient. We 

exploit variation over time in the distance from a patient’s residential ZIP code to SNFs with 

different ratings to estimate the causal effect of admission to a higher-rated SNF on health care 

outcomes, including mortality. We found that patients who go to higher-rated SNFs achieved better 

outcomes, supporting the validity of the SNF report card ratings.
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1. Introduction

Although quality is an essential determinant of the demand for goods and services, 

consumers often have incomplete information about quality prior to purchase. As such, in 

many markets consumers rely on published firm ratings to help choose a particular provider 

of goods or services. The quality of health care services is especially difficult for consumers 

to evaluate. Therefore, it can be efficient for the government to overcome this market failure 
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by collecting information about quality and reporting it publicly. In the case of health care, 

the government publishes report cards online for hospitals, dialysis facilities, nursing homes, 

and home health agencies. Proponents of public report cards believe that these ratings 

overcome the asymmetric information problem, allow consumers to make informed 

decisions about quality of care, force health care providers to compete on quality, and create 

incentives for providers to improve quality of care.

Critics of public report cards, however, are concerned about several practical problems. 

Report cards publish ratings based on past measures, which may not predict future outcomes 

well. In particular, past measures may not predict future quality of care if those measures do 

not directly measure the aspects of quality that consumers care about, if they are based on 

small samples, or if they are not adequately risk adjusted. Health care providers may have an 

incentive to improve quality, but they also have an incentive to cream skim and 

endogenously select patients who are expected to have better outcomes. Risk adjustment is 

never perfect.

Given the theoretical arguments both in favor of and against public report cards, what 

matters is how they work in practice (Werner et al., 2012). Do public report card ratings 

predict future quality of care? In the case of a Medicare patient seeking a high-quality 

nursing home following a hospital stay, is that patient better off choosing a skilled nursing 

facility (SNF) with a higher star rating? Or, does a higher star rating simply reflect a more 

favorable mix of patients in the past or good performance on measures that are not valued by 

that patient? This paper addresses those empirical research questions.

As way of background, a large literature documents the prevalence of low-quality SNF care 

(Grabowski and Norton, 2012). A parallel literature has observed wide geographic variation 

in Medicare spending on post-acute services such as SNFs (Newhouse and Garber, 2013). In 

linking these two literatures, the general sentiment is that a great deal of low-value SNF care 

is delivered (Medicare Payment Advisory Commission, 2016). To discourage low-value 

care, a number of market-based approaches have been introduced to encourage a market for 

quality. These approaches include the use of report cards (Konetzka et al., 2015), pay-for-

performance (Grabowski et al., 2017; Norton, 1992), and alternative payment models like 

bundled payment (Sood et al. 2011) and accountable care organizations (McWilliams et al. 

2017). If these market-based approaches are going to be successful, the measures of SNF 

quality of care need to be reliable and valid.

Researchers and stakeholders have expressed concerns over the different SNF quality 

measures used for public reporting and payment (Mor, 2006). The primary overall quality 

measure for SNFs is the Nursing Home Compare star rating, which is collected by the 

Centers for Medicare and Medicaid Services (CMS) and posted publicly on a website. 

Nursing homes (including SNFs) are rated on a variety of measures. This information is 

summarized in one overall rating, from one star (worst) to five stars (best). Given that 

Nursing Home Compare’s overall star rating is intended to provide consumers accurate 

information about quality of care, it is important to know if a patient’s outcomes will 

improve if she chooses a higher-rated nursing home.
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The greatest empirical challenge to evaluating the star ratings is overcoming the endogeneity 

of choice of SNF by patients who are not randomly assigned to nursing homes of varying 

star ratings. Prior studies have measured the correlation between star ratings and outcomes 

(e.g., Kimball et al., 2018; Ogunneye et al., 2015; Unroe et al., 2012, Ryskina et al., 2018), 

but they have not addressed the issue of patient selection across high- and low-star facilities. 

As such, any differences observed in these earlier studies may be an artifact of the different 

types of patients treated at high- and low-star facilities. Although these studies have often 

included a broad set of controls, unmeasured factors are likely correlated with both the 

selection of a high-quality SNF and patient outcomes, which leads to biased estimates.

The contribution of this paper is to address the potential bias introduced by patient case mix 

by using instrumental variables. This approach exploits variation over time in the distance 

from the patient’s home address to the closest nursing home of each star rating. We ask, if a 

patient who needs post-acute care goes to a SNF with a higher star rating, then what effect 

does that choice have on their mortality, hospital readmission, and length of stay? We 

condition our main analyses on the patient’s neighborhood. Using ZIP code fixed effects, the 

model compares patients from the same ZIP codes who are discharged at different times but 

make different choices about which SNF to enter because star ratings, and the relative 

distances to SNFs of different star ratings, change over time. Unlike the earlier literature, our 

approach allows us to estimate the causal effect on outcomes of going to a higher-rated 

facility. The local average treatment effect for compliers is the effect of choosing a higher-

rated SNF because of the changes in proximity between a person’s home and SNFs in each 

star category.

To preview our results, using data from nearly 1.3 million new SNF Medicare patients in 

2012–2013, we find that being admitted to a SNF with one additional star leads to 

significantly lower mortality, fewer days in the nursing home, fewer hospital readmissions, 

and more days at home or with home health care during the first six months post SNF 

admission. These results are robust to different modeling choices, such as the inclusion of 

SNF or hospital fixed effects; specification of star rating as linear or ordinal; and different 

ways of measuring outcomes.

2. Background

2.1. Skilled nursing facilities

Consumers in the nursing home market consist of both chronic (long-stay) and post-acute 

SNF (short-stay) residents. Each year, nearly 4 million elderly persons are admitted to SNFs 

for post-acute care, which is covered by Medicare. On any given day, about 1 million people 

reside in these facilities and receive long-term care, which is financed by Medicaid, private 

insurance, and by out-of-pocket payments. On a typical day, about 58% of nursing home 

patients were financed by Medicaid, 16% were financed by Medicare and 26% were 

financed privately through long-term care insurance or pay out-of-pocket.

SNFs offer skilled nursing care and rehabilitation services, such as physical and 

occupational therapy and speech-language pathology services, to Medicare beneficiaries 

following an acute-care hospital stay. The supply of SNFs in the United States has remained 
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relatively constant over the past few years, composed of roughly 15,000 facilities that are 

two-thirds for-profit. Almost all SNFs are also Medicaid-certified nursing homes that care 

for chronically ill or disabled residents for long-term stays.

In 2015, Medicare spent $29.8 billion on 2.4 million covered SNF admissions for 1.7 million 

fee-for-service beneficiaries (MedPAC, 2017). Between 2007 and 2009, spending on post-

acute care accounted for only 5% of the level of spending on Medicare parts A and B, but 

73% of the variation in spending, adjusted for input prices and case mix (Institute of 

Medicine 2013, Tables 2–10). The approximate median Medicare payment per SNF stay was 

just under $18,361, with an average length of stay of 26.4 days (MedPAC, 2017). Medicare’s 

prospective payment system (PPS) for SNF services was implemented based on the start of 

the facility fiscal year on or after July 1, 1998. Under the Medicare SNF PPS, facilities are 

paid a predetermined daily rate, up to 100 days, but only after a qualifying hospital stay of at 

least three days. The per diem prospective payment rate for SNFs covers routine, ancillary, 

and capital costs related to the services provided under part A of the Medicare program. 

Adjustments to the SNF Medicare payment rates are made according to a resident’s case-

mix and geographic factors associated with wage variation (Medicare Payment Advisory 

Commission 2009). Importantly, SNF payment is not adjusted based on their star rating.

2.2. Nursing Home Compare

In October 1998, CMS introduced a web-based nursing home report card initiative called 

Nursing Home Compare (www.medicare.gov/NHCompare). Nursing Home Compare was 

designed with the goal of harnessing “market forces to encourage poorly performing homes 

to improve quality or face the loss of revenue” (page 3) (U.S. General Accounting Office 

2002). In addition to information on facility characteristics (e.g., size, ownership status) and 

location, Nursing Home Compare reports data on various dimensions of quality. The initial 

report cards introduced in 1998 included only reports of survey deficiencies, but CMS has 

expanded the quality information available on the website. Information on professional and 

nurse aide staffing were introduced in June 2000, and the Nursing Home Quality Initiative 

(NHQI) in 2002 added Minimum Data Set (MDS)-based quality indicators to the website. 

These quality indicators encompass both short- and long-stay measures of patient outcomes.

Beginning in December 2008, the Nursing Home Compare website now reports four new 

composite quality measures: an overall 5-star rating along with specific 5-star ratings for 

inspections (deficiencies), staffing, and the MDS-based quality measures (e.g. restraint rate, 

anti-psychotic use rate, etc.). In 2016, CMS introduced three claims-based short-stay 

measures to the website and the 5-star rating: successful discharge to the community, an 

emergency department visit, and readmission to the hospital. Our analysis, which spans 

2012–2013, does not include these updated measures.

Star ratings are composed of three sub-domains: health inspections, staffing, and quality 

measures (QM) (CMS 2017a,b). The health inspection domain, which has the most 

influence on the overall rating, is calculated from within-state rankings to control for 

between-state differences but it is not risk-adjusted. The staffing domain is case-mix 

adjusted using Resource Utilization Group (RUG)-III scores in the quarter closest to the date 

of the most recent staffing survey. In the quality measures domain, ratings are risk-adjusted 

Cornell et al. Page 4

J Health Econ. Author manuscript; available in PMC 2020 May 26.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.medicare.gov/NHCompare


using a logistic regression with covariates from claims and MDS assessments. The models 

include age, sex, length of stay, comorbidity indexes, previous hospitalizations, and 

diagnoses. They do not include socioeconomic or race variables.

Several factors make standard risk adjustment techniques challenging. First, a key concern is 

that these measures do not adequately account for selection of patients across facilities due 

to the weak explanatory power of the variables used in the risk adjustment modeling. There 

may be unobserved measures excluded from the risk adjustment that bias cross-facility 

comparisons. Second, the available measures may not accurately reflect quality that is 

important to patients if the inputs to final star ratings are not are clinically relevant. Finally, 

some of the reported measures may be susceptible to up-coding and gaming by SNFs due to 

their use in public reporting or payment (Bowblis and Brunt 2013, Ryskina et al., 2018).

Several papers have questioned whether the Nursing Home Compare measures are reliable 

and valid (Mor 2006). A number of studies have focused on improving the risk adjustment 

variables or methodology employed on Nursing Home Compare. More extensive risk 

adjustment of the measures was shown to change the rank ordering of the facilities 

(Mukamel et al. 2008). Other research has argued that the Nursing Home Compare measures 

can be improved by multilevel modeling (Arling et al. 2007) or multivariate risk adjustment 

(Li et al. 2009).

These studies all show ways in which the existing measures on Nursing Home Compare 

might be made more consistent relative to other measures. An issue is that these studies lack 

a comparison measure that is purged of selection. As Arling et al. (2007) acknowledged, “we 

have no ‘gold standard’ for validating our risk adjustment methodology” (p. 1193). This lack 

of a gold standard raises two issues. The first is that, with inadequate risk adjustment, any 

measure of quality is contaminated because it partly reflects selection. That is, high quality 

ratings based on patient outcomes may reflect a healthier mix of patients in ways that cannot 

be adjusted through statistics. The other related issue is that, if patients endogenously select 

into certain SNFs, it is hard to measure the causal effect of quality rating on patient 

outcomes. Patient selection is challenging to overcome.

Our goal is not to examine whether we can improve the existing risk adjustment, but rather 

to evaluate the validity of the existing measures. Our approach follows a new literature that 

employs instrumental variables to validate quality measures. Doyle et al. (2017) studied 

hospital quality measures by exploiting ambulance company preferences as an instrument 

for patient assignment. They found that assignment to a higher-scoring hospital resulted in 

better patient outcomes. In a study of SNF re-hospitalization, Rahman et al. (2016a,b) 

instrumented for selection to a nursing home using empty beds in a patient’s local market. 

The authors found that assignment to a nursing home with a historically low re-

hospitalization rate led to fewer readmissions. We will use a similar approach to answer our 

research question with a causal estimate of the effect of going to a facility with a higher star 

rating on patients’ outcomes.
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3. Data and sample

3.1. Data sources

This study relies on several sources for individual-level characteristics including the 

Medicare enrollment denominator file, Medicare claims and the Minimum Data Set (MDS) 

for nursing home resident assessments, and SNF provider data, including Online Survey 

Certification and Reporting (OSCAR) and quality ratings from Nursing Home Compare.

The Medicare Standard Analytic File includes all claims related to inpatient, skilled nursing 

facility care, home health, and hospice services for Medicare fee-for-service enrollees. All 

Part A claims (inpatient, SNF) include dates of service and up to 25 diagnoses. The 

Medicare enrollment file identifies individuals enrolled in Medicare within a given year and 

includes demographic data, survival status, residential ZIP code, and program eligibility 

information for Parts A, B and D, Medicare Advantage (managed care), and Medicaid.

The MDS contains clinical assessments of all residents in Medicare- or Medicaid-certified 

nursing homes (regardless of the payment source). They are given upon admission to the 

facility and then periodically, at least quarterly, thereafter. The MDS includes summary 

measures of cognitive and physical functioning, continence, pain, mood state, diagnoses, 

health conditions, mortality risk, special treatments, and medication use.

The Online Survey Certification and Reporting (OSCAR) System is a compilation of all the 

data elements collected by surveyors during the inspection survey conducted at nursing 

facilities for the purpose of certification for participation in the Medicare and Medicaid 

programs. The database includes organizational characteristics such as the number of beds, 

ownership, and chain membership, staffing availability and aggregate patient characteristics. 

SNF star rating data is obtained from CMS website (CMS 2017a,b). We also used American 

Hospital Association (AHA) data for year 2013 for several hospital characteristics.

3.2. Study sample

Applying the Residential History File methodology (Intrator et al., 2011), which 

concatenates MDS assessment and Medicare claims into individual beneficiary trajectories, 

we identified all Medicare fee-for-service (FFS) beneficiaries who were discharged directly 

from an acute general hospital to a SNF for post-acute care between January of 2012 and 

June of 2013. We started with hospital and SNF claims data that identifies 1,576,010 SNF 

admissions with valid hospital and SNF identification, discharged from 4,706 hospitals with 

no SNF claims during the previous 12 months. We excluded 28,740 (1.82%) who were not 

discharged from a general acute care hospital. We then merged this data to MDS. We 

excluded 182,176 (11.77%) observations because either we could not find matched 

assessment in MDS based on individual identification and the admission date, or MDS 

indicated that the individual was in nursing home during the previous one-year period. We 

excluded patients with any SNF residence history in the one year prior to admission because 

they would be frailer than post-acute care patients from the community. Finally, we dropped 

86,638 (6.34%) of the individuals who did not reside in the 48 contiguous states or did not 

have a valid residential ZIP code. Our final sample consisted of 1,278,456 Medicare FFS 

beneficiaries discharged from 4,332 acute care hospitals to 15,166 SNFs.

Cornell et al. Page 6

J Health Econ. Author manuscript; available in PMC 2020 May 26.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



3.3. Outcomes measures

In order to assess the validity of star ratings, we measure their effect on outcomes that are 

relevant to patient welfare and system costs. In this paper, we consider the time spent in six 

mutually exclusive settings: at home without home health, at home with home health, in 

skilled nursing care, in hospital inpatient care, hospice care, and deceased. These outcomes 

are key because hospitalization from SNF is not only viewed as a signal of potential 

inefficiencies and cost-shifting by nursing homes, but also can cause stress and 

disorientation for patients. Mortality is commonly used as a marker for hospital quality of 

care and has implications for hospital reimbursement, although it is not part of the Nursing 

Home Compare rating.

Using the Residential History File (RHF) methodology (Intrator et al. 2011), we follow 

patients for 180 days following their admission to a SNF by concatenating Medicare 

enrollment, Medicare claims, and MDS. We assign the patient’s location on each day to one 

of the six settings: at home without home health, at home with home health care, in the SNF, 

in hospital, in hospice, and deceased. Table 1 shows mean statistics for the outcomes 

variables. Our main outcomes of interest are the following dichotomous variables: any 

hospitalization within 30 and 180 days; death within 30 and 180 days; and becoming a long-

stay nursing resident, defined as staying in a SNF or nursing home for longer than 100 days. 

At the end of 180 days, 54% of patients had hospitalized at least once; 21% were deceased; 

and 16% had spent more than 100 days in the nursing home.

We also construct six integer outcome variables, each quantifying the number of days in the 

specified setting in the 180 days following discharge from the hospital, also summarized in 

Table 1. The mean number of days in a nursing home is 48. Fig. 1 plots the share of patients 

in each setting on each of the 180 days following SNF admission. On day 0 everyone was in 

a SNF, as determined by the inclusion criteria for the analysis. On day 60, 35% of them were 

at home without any Medicare paid support, 24% of them were at home with home health 

care support, 12% were dead, 3% were in hospital, 2% were in hospice, and the remaining 

23% were in a nursing home.

3.4. Nursing home quality measure

Our main explanatory variable is the five-star rating from the admitting SNF’s Nursing 

Home Compare Report Card, coded as an integer between 1 and 5 where 1 indicates the 

lowest possible quality rating. For our preferred analysis, we enter star rating as a continuous 

variable, assuming that an increase in star rating of the admitting SNF by one star has linear 

effect on outcomes. In a sensitivity analysis, we treat each star rating as a binary indicator 

(four dummies for star ratings 2–5 with rating 1 as the benchmark).

A facility may see a change in its overall rating whenever new data are available in any of 

the three domains—inspections, staffing, and quality measures (QM). The inspection and 

staffing domains are updated approximately yearly after an inspection; in addition, the 

health-inspection score can also change with a new complaint, a revisit, resolution of 

disputed deficiencies, or exclusion of old complaints after a set period of time. Quality 

measures are updated quarterly for measures based on the MDS and every six months for 
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claims measures. Thus, a given SNF could get an updated rating approximately every 

quarter. Because inspections are distributed throughout the year, consumers may face 

changes each month in the SNF ratings of the SNFs near to them.

Fig. 2 plots the proportion of SNFs with each star rating during the 18 months when 

individuals in our sample were admitted to SNFs (January of 2012 and June of 2013). 

During this time period, the share of SNFs with one star declined from 15% to 12% and the 

share of SNFs with five-star increased from 16% to 22%. These changes are due to updates 

of different components of star-ratings and not due change in cut-off points or re-basing. 

Such change in cut-off points occurred in October 2010 (transitioning from MDS 2.0 to 

MDS 3.0), in February 2015 when CMS changed weights for staffing and QM components 

and later in March-July 2016. Therefore, our instrumental variable has much variation over 

time within geographic area and these variations are due to actual changes in measured 

quality of care, not arbitrary changes in thresholds.

Fig. 2 also plots the share of patients in our sample that were admitted in SNFs with 

different rating. The share of post-acute patients going to one- and two-star SNFs declined 

more steeply than the decline in proportion of facilities in these categories; whereas the 

share of patients going to four- and five-star SNFs increased at a higher rate than the share of 

facilities. Because nearly all facilities admit a mix of short- and long-stay patients, the trends 

could be explained by 4- and 5-star SNFS may be increasing their market share of more 

profitable post-acute patients while 1- and 2-star facilities are increasing the proportion of 

their beds occupied by long-stay residents.

3.5. Control variables

We include a series of patient-level control variables. Demographic characteristics include 

age, sex, and race from the enrollment file and language spoken and marital status from the 

MDS. We also include dual-Medicaid eligibility on the month of SNF admission from the 

Medicare enrollment file. We distinguish between partial- and full-dual eligibility where 

partial-dual eligible beneficiaries have some cost-sharing that are not paid by Medicaid.

From the index hospitalization claims prior to SNF admission, we include measures of 

health status. These measures included the Elixhauser et al. (1998) and Deyo et al. (1992) 

co-morbidity indexes, hospital length of stay, the number of cardiac care unit (CCU) days, 

and the number of intensive care unit (ICU) days during the hospitalization. Other clinical 

characteristics were obtained from the MDS and include indicators for common diagnoses 

(e.g., diabetes, serious mental illness etc.), and the Morris late loss activities of daily living 

(ADL) scale (Morris et al., 1999), and the cognitive performance scale (CPS) (Morris et al., 

1994). We summarize the control variables for the full sample (see Table 2).

4. Empirical Strategy

4.1. Empirical model

Our main regression of interest is the relationship between star rating and patient outcomes, 

controlling for patient factors and residential ZIP code effects. This relationship can be 

described by Eq. (1)
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Y izℎnt = β0 + β1Qint + Xiγ + θt + ζz + εizℎnt (1)

where Yizhnt refers to the outcome of person i residing in ZIP code z discharged from 

hospital h to nursing home n in month t. Qint is the star rating (on a scale of 1–5) of the 

admitting nursing facility on month t; later we will explain how we deal statistically with the 

endogeneity of this variable. The vector Xi includes the patient’s demographics and clinical 

characteristics; θt are month-of-admission fixed effects; ζz are patient’s residential ZIP code 

fixed effects; and ε is the residual.

This model does not include any SNF-level variables other than the SNF’s star rating. This is 

partly because the star rating is a composite measure that summarizes different quality 

aspects of a SNF. Additionally, our objective is to inform stakeholders (patients, hospitals, 

accountable care organizations and Medicare advantage plans) about whether this one-

dimensional measure can be used to choose a SNF in an informed manner. Of note, related 

prior research also has not accounted for other provider characteristics when estimating 

similar models (Doyle et al., 2017; Rahman et al., 2016a,b).

4.2. Inference problem: patient selection

A key issue when estimating the effect of an increase in star rating on days in a post-acute 

setting is that patients are not randomly selected into nursing homes of varying quality, 

reflecting both demand- and supply-side differential selection. On the consumer side, 

patients who select a SNF based on quality information may be more savvy consumers of 

health care in other ways, such as the selection of doctors and hospitals. Patients who are 

more strongly motivated to recover at home may select a SNF where they think they have 

the best chance of a successful discharge. On the other hand, readmissions-reduction and 

hospital value-based purchasing, which penalize high readmission rates, give hospitals 

incentives to select particular patients for care in more highly-rated SNFs (Norton et al., 

2018). A hospital’s discharge planner may preferentially send patients that are at high risk of 

readmission, or who will have high post-discharge expenses, toward high-star facilities to 

reduce costly re-hospitalizations. These examples of selection bias would exert opposing 

biases, leading a naïve model to either over- or under-state the influence of star rating on the 

outcome. Traditional methods to control for this bias, such hospital or SNF fixed effects to 

estimate the effect of within-facility changes in star rating, do not address patient sorting 

over time on unobserved characteristics in response to quality ratings.

One way to provide suggestive evidence of this kind of selection is to compare descriptive 

characteristics of patients admitted to a SNF above, equal to, and below the median for their 

ZIP code (see last three columns of Table 2). Even within ZIP codes, there are important 

differences between patients who go to SNFs with above-average versus below-average star 

ratings, including greater than 20% differences in prevalence of full-dual eligibility, 

Alzheimer’s disease, schizophrenia, and bipolar disease. These differences suggest potential 

bias from other unobserved differences. Therefore, our main statistical concern is how to 

control for the endogeneity bias in star rating to estimate causal effects. In the following 

section, we propose an instrumental variable approach to address patient selection. The IV 

approach estimates the causal effect of star rating for the patient whose choice of SNF of a 
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particular star rating is influenced by distance from home. The IV models also include ZIP 

code, SNF, and hospital fixed effects.

4.3. Proximity to SNF in each star category as the instrumental variable

To address selection on unobserved health status, we leverage variation in the quality rating 

of nursing homes near a patient’s home ZIP code during the month of SNF admission. Our 

IV is the distance from patient’s residential ZIP code to the nearest SNF with a particular 

star rating in the month of SNF admission. The intuition is straightforward (Gowrisankaran 

and Town, 1999). While choosing a SNF, a patient faces a choice of SNFs distinguished by 

distance and by star-ratings. Because star-ratings change month-to-month, patients from 

same ZIP code face different choices depending on the month of admission. For example, 

even when the choice of SNFs remains the same, the proximity to a 5-star SNF can vary 

month-to-month. Because proximity to a SNF is one of the main determinant of SNF 

admission (Hirth et al., 2014; Rahman et al., 2016a,b), we use the variation in proximities of 

SNFs with different star-rating as IVs.

To operationalize patient preferences based on distance, we created five instrumental 

variables based on the log-distance from the patients’ home to the nearest SNF in each 

quality category (fol lowing a similar approach by Gowrisankaran and Town, 1999). We 

denote this as Dzt
k , which is the natural logarithm of the distance from the patients’ ZIP code 

z to the nearest k-star SNF (where k = 1,2,3,4,5) from in month t. For each patient in the 

dataset, we obtain geo-coordinates for the centroid of the ZIP code of home residence 

reported in the Medicare denominator file, and for each SNF, we know the coordinates of the 

exact address. For each patient we calculate the distance (using the great-circle formula) 

from the centroid of the patient’s home ZIP code to nearest facility of quality level k. Thus, a 

Dzt
k  can have really large value if the nearest k-star SNF is far away from patient’s ZIP code. 

We use the natural logarithm of distance because preliminary analysis showed that the 

relationship was linear on a log scale. Because we have the coordinates of the exact address 

of each nursing home, the distance from SNF to centroid is greater than zero even when the 

patient and facility are in the same ZIP code. Thus each ZIP code in our dataset has a 5-

dimensional vector of instrumental variables, where the first value is the log distance to the 

nearest 1-star facility in that month, the second is the log distance to the nearest 2-star 

facility, etc.

There are two ways that the instruments can change value over time. First, the star rating of 

existing SNFs can change each month. Between 1 January 2012 and 30 June 2013, out of 

the 15,166 SNFs used by our patient cohort, 12,080 of them changed star rating at least 

once. Second, there can be entry or exit of a nearby SNF. However, there were only 153 SNF 

entries into the market and 79 exits. Thus, the variation in IVs over time is mostly driven by 

changes in star ratings of existing SNFs. It is important to note that a change in star-rating of 

one SNF can change the value of more than one IV. For example, an increase in a rating of a 

nearby SNF from 3 stars to 4 stars can change the values of both distance to the nearest 3-

star SNF (Dzt
3 ) and the distance to the nearest 4-star SNF (Dzt

4 ). Alternatively, this SNF may 
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no longer be one of the nearest SNFs because there of another 4-star SNF that is nearer to 

that ZIP code; in this case only the distance to the nearest 3-star SNF (Dzt
3 ) changes.

Our instruments exploit both cross-sectional and longitudinal variation in star ratings, not 

just within-SNF changes in star ratings. For example, an alternative IV could be defined as 

the star rating of the nearest SNF from patient’s ZIP code in the month of admission (in that 

case, there will be just one IV). In such case, after controlling for ZIP code fixed effects, 

such an IV would rely only on the change in star rating of the nearest SNF from a ZIP code. 

In contrast, our instruments incorporate variation in star ratings over the entire distribution of 

stars, and as a result have much greater strength in predicting the first-stage model of choice 

of number of stars.

Another important aspect of this study design is that it controls for residential ZIP code fixed 

effects. Prior studies using differential distances (Grabowski et al. 2013; Hirth et al. 2014) 

assume that patients generally do not choose their home residence with regard to the quality 

of nearby post-acute-care facilities — assignment to quality is therefore effectively random. 

However, we suspect that any difference in average characteristics of patients between ZIP 

codes (for example, demand for quality) is partially reflected in the star rating of the nearest 

SNF. Therefore, we control for such differences using residential ZIP code fixed effects.

The first-stage equation predicts the star rating of the SNF chosen by the patient as a 

function of the log-distance to the closest SNF of each star rating and other individual, time, 

and residential ZIP code fixed effects.

Qint = α0 + ∑
k = 1

5
αkDzt

k + Xiγ + θt + ζz + εizℎnt (2)

Here Dzt
k  is the log-distance of the nearest k-star SNF from ZIP code z in month t. We expect 

the coefficients on distance, representing the relationship between distance and average 

quality, to be negative for high-star SNFs, positive for low-star SNFs, and monotonically 

declining from low- to high-star. As the distance to a one-star or two-star SNF increases, a 

patient is less likely to choose a low-star SNF and more likely to choose a high-star SNF. As 

the distance to a four-star or five-star SNF increases, the predicted star rating of the chosen 

SNF will decrease. To estimate the causal effect of star rating on the outcome, the second 

stage regresses the outcome on predicted star rating Qint from Eq. (2).

Y int = α0 + Qint + Xiγ + θt + ζz + εizℎnt (3)

We estimate this system of equations as two-stage-least-squares using the xtivreg2 command 

in Stata with standard errors clustered by ZIP code.

4.4. Robustness checks

We also estimate these models substituting residential ZIP code fixed effects with hospital 

fixed effects, including both residential ZIP code and hospital fixed effects, and including 
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both ZIP code and SNF fixed effects. A SNF-fixed-effects model measures differences in 

outcomes between two patients who go to the same provider at different times, conditioning 

on time-invariant differences in quality between providers. Hospital fixed effects control for 

differences in hospital quality associated with SNF star rating. For the two-way (hospital and 

ZIP code, and SNF and ZIP code) fixed effect models, we use the ivreg2hdfe command 

(Bahar 2014) because xtivreg2 command is designed for one set of fixed effects. Test 

statistics are based on robust standard errors clustered by residential zip code (with SNF FE 

models, clustered by SNF).

In most of our analyses, we consider star rating as a continuous variable, which assumes that 

an increase in star rating has a linear relationship with outcomes. As a sensitivity analysis, to 

allow for a nonlinear relationship, we examine the effect of star rating using separate binary 

variables for each star rating with one-star SNF as the benchmark category. We also estimate 

our model including diagnosis related groups (DRG) fixed effects.

Several studies (Rahman et al., 2013; Rahman et al., 2016a,b) found that admission to 

hospital-based SNFs yields better health outcomes and that the better outcome is likely due 

to better coordination between the hospital and the SNF. It is possible that effects of such 

coordination are captured in the quality ratings. So we estimated separate models for 

patients treated in hospitals with and without hospital-based SNFs.

We also perform a robustness check to address concern over the competing risk of death. We 

estimate the binary outcome models on the subset of patients who were alive on day 30 and 

180, respectively, for the 30-day rehospitalization and for the 180-day rehospitalization and 

long-stay nursing variables. We also estimate the continuous-days models adjusted for 

exposure time. To create these variables, we calculate the mortality-adjusted days as Ya = 

Y / days_alive *180.

5. Results

5.1. Descriptive results to assess the validity of the IVs

We perform several analyses to assess the validity of our IVs in addition to performing 

standard statistical tests. The main objective of these analyses is to assess the within and 

between variation in SNF choice and patient characteristics across residential ZIP codes. To 

demonstrate the variation over time within ZIP codes, we calculate the ZIP code level 

median distance (logged) to the nearest 5-star rated SNF and compare patients who 

experiences different values of the IV relative to their zip code level median. The idea is that, 

for each ZIP code, we have 18 values (one per month) of an IV varying by month and can 

calculate the median of these 18 values. Then we compare patients within a ZIP code who 

were admitted in months when the IV is smaller, equal to and greater than the ZIP code level 

median.

The first step is to quantify the within-ZIP code variation of the instruments. Because we 

have five different instruments that are similar in nature, we just focus on the natural log of 

distance of the nearest 5-star SNF. About 20 percent of the patients experienced longer 

distance to the nearest 5-star SNF relative to the median value this distance in their ZIP 
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code. These individuals experienced, on average, 2.44 times higher value of the fifth IV 

relative to the individuals experiencing the median value. On the other hand, 15 percent 

experienced a shorter distance to the nearest 5-star SNF relative to the median value this 

distance in their ZIP code.

The first descriptive analysis provides visual evidence that our IVs strongly predict the 

endogenous variable, quality rating. Fig. 3 compares the share of patients admitted to a 5-

star SNF during months when the distance to the nearest 5-star rated SNF is above the ZIP 

code level median to those admitted during months when the distance was below the ZIP 

code level median. In addition to confirming that demand declines with distance (the two 

lines slope downwards), it also shows that within-ZIP-code variation over time is important. 

When the distance is below the median (upper line) then the share of patients is larger. There 

is a significant difference between the two lines for a wide range of distances. This implies 

that the first-stage relationship of the IV analysis is likely to hold even with ZIP code fixed 

effects included.

The second descriptive analysis assesses the validity of our exclusion-restriction assumption. 

A common technique to assess the assumption of ignorable treatment assignment is to 

stratify the sample by high and low values of the IV and evaluate covariate balance. 

Characteristics of patients experiencing different values of the fifth IV relative to the ZIP 

code level median are presented in Table 3. While Table 2 shows that patients discharged to 

SNFs with different star-rating from same ZIP code look fairly different, Table 3 shows that 

patients experiencing different level of the fifth IV look almost identical.

To facilitate an intuitive visual display, we aggregate the patient covariates listed in Table 2 

into one measure, the predicted likelihood of entering a 5-star SNF, which is similar to a 

propensity score. To create the measure, we estimate a multinomial logit model with star 

rating of chosen SNF as the outcome and predicted the likelihood of entering a 5-star SNF 

for each patient in the sample. This prediction score can be interpreted as the demand for a 

5-star-rated SNF. Fig. 4 plots the predicted likelihood of admission to a 5-star SNF for two 

groups of patients: those who were admitted to a SNF during months when the distance to 

the nearest 5-star rated SNF is above the ZIP code median, and those below the ZIP code 

median. If the exclusion restriction assumption is correct, then the groups stratified by 

distance within ZIP code will be balanced on their covariates and the predicted admission 

will be the same for the two groups. As expected, these lines are overlapping, implying that 

patients within a ZIP code experiencing lower and higher value of IV are observably the 

same. Thus, conditional upon ZIP code fixed effects, patients with different values of the IV 

are similar. Of note, both of the lines in Figs. 3 and 4 are slightly downward sloping, 

implying that patients in ZIP codes with different values of the IVs are somewhat different. 

This justifies the inclusion of ZIP code fixed effects.

Besides comparing observable characteristics between patients with different values of the 

IVs, we also use two falsification checks as additional evidence that the instrument satisfies 

the exclusion-restriction assumptions. First, we assess whether changes in star rating of 

SNFs in the vicinity attracts more patients to receive post-acute care in SNFs instead of 

going to other settings such as home, home health care, or a hospital-based rehabilitation 
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facility. A change in the balance of patients discharged to a SNF could suggest that patient 

selection associated with the IVs might be driving our results. We analyze all hospital 

discharges during our study period to assess whether the likelihood of a discharge to a SNF 

is associated with the IVs conditional upon residential ZIP code fixed effects. We find no 

such statistical association (see Appendix Table A5).

Second, using a sample of patients who had no previous SNF stay and were discharged from 

an inpatient hospital stay directly to home in 2012–13, we estimate the reduced-form effect 

of the IVs on the 90-day mortality and 30-day hospital readmissions, conditional on ZIP 

code fixed effects (see Appendix Table A4). An association of post-discharge outcomes with 

variation in proximity to SNFs with different star rating would implicate some violation of 

the instrument’s exclusion restriction, perhaps related to hospital quality or post-discharge 

practices. The association of the IVs with these outcomes was both statistically insignificant 

and negligibly small (see Appendix Table A4). The null finding in this non-SNF sample is 

consistent with our assumptions about the instrument’s exogeneity.

5.2. Regression results

Before describing the main results, we discuss the results from the first-stage models to 

show how strong our instrumental variables are (see Table 4). The outcome in the first-stage 

model is star rating, an integer from 1 to 5. We run five versions of the model, differing in 

whether we included fixed effects or not for ZIP code, SNF and hospital. The first column 

has no fixed effects. The second and third columns have either hospital fixed effects or 

patient ZIP code fixed effects. The fourth column has both hospital and patient ZIP code 

fixed effects. The fifth column has patient ZIP code and SNF fixed effects. The results are 

broadly similar across all five columns, although not surprisingly, when adding fixed effects 

the R-squared increases and the F-statistics for the instruments decrease. Our preferred 

model is the third column, with patient ZIP code fixed effects, because this appears to 

provide the most control for unobserved patient-level characteristics; adding hospital or SNF 

fixed effects has little additional predictive power, while using up many degrees of freedom.

The five instrumental variables individually and collectively strongly predict the endogenous 

variable of star rating. Each instrument is the natural logarithm of the distance from the 

patient’s ZIP code centroid to the nearest SNF of a particular star rating (1 through 5, for 

five instruments). The t-statistics in the model with patient ZIP code fixed effects range from 

−46 to 35. Therefore, each instrument is highly statistically significant. Collectively for the 

five instruments, the F-statistic is greater than 365 in all models with and without fixed 

effects (Table 4), far exceeding the minimum recommended number (Staiger and Stock, 

1997). The pattern of coefficient magnitudes is also revealing and plausible. The coefficients 

on the distance to a one-star SNF is positive, and the magnitudes decline monotonically with 

the coefficient on the distance to a five-star SNF being negative.

Table 5 shows the first-stage regression results where admission to SNFs with different star 

ratings are modeled as separate outcomes. The four columns of this table represent 

regressions for admission to SNF with k = 2, 3, 4 and 5 star rating, with 1-star SNF as the 

benchmark. These models include ZIP code fixed effects. The likelihood of admission to a 

SNF with star rating k is negatively associated with the distance to the nearest SNF with star 
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rating k and positively associated with the distances to the SNFs with star rating other than 

k. For example, an increase in the distance of the nearest 2 star-SNF by one mile decreases 

the likelihood of admission to a 2 star SNF by 1.5 percentage points. On the other hand, an 

increase in the distance of the nearest 3 star-SNF by one mile increases the likelihood of 

admission to a 2 star SNF by 0.5 percentage points (see Appendix Table A1).

The main results show that patients discharged from a hospital who go to a higher rated SNF 

have significantly better outcomes over the next six months (see Table 6). Each coefficient in 

Table 6 is from a different regression model. After discussing the results from our preferred 

specification — 2SLS with patient ZIP code fixed effects — we describe how the results are 

similar or different across different model specifications.

The outcomes are any acute hospitalizations in 30 and 180 days, death within 30 and 100 

days, and becoming a long-stay (>100 days) nursing-home resident. The results from the 

2SLS model with ZIP code fixed effects and patient characteristics show that going to a SNF 

with one additional star leads to statistically significant decreases in the probability of 30-

day and 180-day hospitalizations of 0.005 and 0.004, although our estimates are not 

statistically different from zero. The probability of death within 30 and 180 days decreases 

by 0.005 and 0.01. The probability of a nursing-home stay over 100 days decreases by 

0.008. These results for mortality and long-term nursing-home stay are statistically 

significant and clinically striking. To put the magnitudes in context, compared to the sample 

means reported in Table 1, these effects represent 6% and 5% decreases from the average 

30-day and 180-day levels of mortality of 0.07 and 0.21, respectively; and 5% decrease from 

average incidence of long-term nursing stay, which was 0.16. A change of two stars would 

have twice the predicted effect.

Table 6 also supports the assumption that our instruments are exogenous to patient 

characteristics, conditional on patient residential ZIP code. Coefficients change notably with 

the addition of ZIP code fixed effects, but adding patient characteristics in the third set of 

models, estimates are similar, suggesting that the IV estimates are not conditional on patient 

characteristics. (Reduced-form estimates in Appendix Table A2 are consistent with this 

result.) After adjusting for ZIP code fixed effects, the OLS and IV results are similar. The 

Hausman test statistics also do not reject the null hypothesis of exogenous regressors, 

suggesting that with ZIP fixed effects OLS gives similar estimates to our IV estimator. The 

final set of models adds SNF fixed effects. Addition of SNF fixed effects to the OLS models 

does substantially change the effect finding, resulting effects of star-rating to be statistically 

insignificant. However, in the 2SLS models, estimates do not change with the addition of 

SNF fixed effects. Similarly, the Hausman test statistics reject the null hypothesis of 

exogenous regressor. We proceed with the robustness checks based on the (more 

parsimonious) instrumental variable model with patient characteristics and ZIP code fixed 

effects.

Table 7 shows the main 2SLS regression results (zip code fixed effect model) with star rating 

as categorical variables, where 1-star SNF is the reference category. An admission to a 5-star 

SNF instead of a 1-star SNF, reduced 30-day mortality by 2 percentage points, 180-day 

mortality by 4.5 percentage points, and long-term nursing stay by 4 percentage points. These 
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results are generally consistent with a fourfold increases of the effects with ZIP code fixed 

effects in Table 6, suggesting that specifying a linear effect of star rating is a reasonable 

approximation. The addition of SNF fixed effects (Appendix Table A3) gives similar results.

Table 8 shows an alternative specification with the dependent variables defined as the 

number of days in one of six mutually exclusive and exhaustive states (death, hospice, 

inpatient, nursing home, home health, and home). Because the total number of days is 180, 

the coefficients in each column corresponding to the same set of models (either OLS or 

2SLS) sum approximately to zero. The magnitudes of the coefficients are directly 

interpretable as days. For example, the causal effect of an increase in star rating by one star 

is to spend 1.44 fewer days deceased in the first six months post discharge. Given that on 

average patients spend 25 days in death, a 1.44 day change is a 5.8% change. The percentage 

changes from the mean for the other outcomes are 3.3% increase in inpatient hospital days, 

2.4% decrease in SNF days, 4.0% increase in days at home with home health, and 2.5% 

increase in days at home. We also examined the mortality-adjusted days. These results, 

presented in Appendix Table A7, are consistent in magnitude and direction with our main 

results.

It is instructive to see how the results are a function of time since discharge. We re-ran all the 

models 180 times, by day, and graphed the results (see Fig. 5). The x-axis for each of the six 

graphs are time in days, and the y-axis is the increase in probability of being in that state 

given a one-star increase in rating. The 2SLS coefficients are roughly equal to the integral of 

the effects shown in the graphs. The effect of an increase in star rating increases the chance 

of being at home, and that effect gets gradually stronger. Higher rated SNFs also increase the 

use of home health, lower the use of SNFs, and lower the probability of death. These results 

are not short run; they get larger in magnitude and stronger in statistical significance over 

time.

Table 9 presents specification checks. The first two rows show binary outcomes with 

hospital fixed effects; these are similar to our main results. We report 2SLS results with 

separately for patients in hospitals with and without hospital based SNF. The direction of the 

effects are the same for both samples. However, the size of the effect varies. Finally, 

inclusion of diagnoses related group (DRG) fixed effects does not change the results 

substantially.

6. Discussion

We find that discharge to a higher star SNF led to significantly lower mortality, fewer days 

in the nursing home, fewer hospital readmissions, and more days at home or with home 

health care during the first six months post SNF admission. SNF star ratings matter for 

patient outcomes. This is intuitive, given that star ratings are based in part on quality of care 

measures, and consistent with previous estimates of the association of star rating with 

hospitalization and mortality, some of which we summarize in Appendix Table A7. But prior 

studies have not been able to control for the clear endogeneity of choice of SNF, leaving 

uncertain whether simple correlations are due to patient selection or actual causal effects. 

Our results show a strong causal effect in the expected direction. Our instrument identifies 
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variation in star rating both from within-provider change in star rating and from patients who 

go to a different facility because of changes in relative distances of each quality rating. The 

IV results are robust to the inclusion of SNF fixed effects, suggesting that within-SNF 

changes in star rating do reflect differences in patient outcomes.

Some limitations in the interpretation of these results are important to note. We estimate a 

local average treatment effect among patients whose choice of SNF quality is influenced by 

variation in distance to the SNF in each quality category. Thus our results may be driven by 

patients (or their discharge planners) with stronger preferences for quality.

Star ratings are not based on patient mortality, and yet we find that higher ratings are 

nonetheless powerful predictors of survival. In 2016, CMS introduced new quality measures 

into the star rating, including short-stay, unplanned hospital readmission and successful 

discharge to the community. We do not find strong effects of star rating on hospital 

admissions, but these new measures may improve the performance of star rating to predict 

hospitalization.

These findings give rise to two important questions. First, given that higher star ratings lead 

to better outcomes, are patients and their advocates using this measure effectively when 

selecting SNFs? And if not, should policymakers consider measures to increase the use of 

the star ratings?

A large literature has suggested that the use of the star ratings on the Nursing Home 

Compare website is relatively low (e.g., Konetzka and Perraillon, 2016; Shugarman and 

Brown, 2007). Consumers lack awareness of the ratings but also have some mistrust of the 

rankings. Patients also choose SNFs based on more than just quality of care. As Shugarman 

and Brown (2007) suggest, “patients and their families are likely to rely upon lists of 

facilities (when available), more obvious physical and sensory characteristics of the 

facilities, and word of mouth, and be more concerned with the location of the facility than 

with the technical aspects of the clinical quality of care provided” (p.23). Thus, many SNF 

patients do not select the highest quality SNF in their choice set (Medicare Payment 

Advisory Commission 2018).

Given our results, which suggest that star ratings matter for quality, and the fact that few 

patients use these ratings to select a nursing home, should the Medicare program take a more 

active role in providing hospitalized beneficiaries with information on the SNF star ratings? 

Patients who are referred to SNFs for post-acute care may benefit from assistance in 

identifying those higher star providers. Fee-for-service beneficiaries have a “basic freedom 

of choice” to select any SNF participating in Medicare, although this choice may be 

constrained by out-of-pocket costs for patients who stay in a SNF beyond 90-day Medicare 

benefit (Rahman et al. 2014). Our study does not observe those costs and whether they 

correlate with star rating. However, Medicare could expand the authority of hospital 

discharge planners to recommend higher quality SNFs by mandating that they provide star 

ratings to patients at the time of discharge (Medicare Payment Advisory Commission 2018). 

Most hospital discharge planners are currently fairly hands off in directing patients to 

particular SNFs (Tyler et al., 2017). This nudge would ensure that every hospitalized 
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Medicare beneficiary would be made aware of the quality ratings at the time of discharge, 

while patients would retain the freedom to select their preferred SNF.

In addition to reforming the hospital discharge process, new alternative payment models are 

another potential mechanism to encourage increased use of star ratings. ACOs and bundled 

payment models put hospitals at-risk for post-discharge spending and outcomes. As such, 

these models create an incentive for hospitals to develop relationships with SNFs that can 

reasonably shorten the length of SNF stay while also reducing the likelihood of re-

hospitalization during the episode (Mechanic 2016). Many hospital systems are forming 

preferred networks to partner with higher quality SNFs (MedPAC, 2018). As these payment 

models expand and shift from voluntary to mandatory participation, our results suggest that 

star ratings can be an important source of information for hospitals looking to identify high-

quality SNF partners.

In summary, a large literature has suggested that SNF star ratings and patient outcomes are 

correlated. Our paper is the first to find that admission to a higher star SNF improves patient 

outcomes. As Medicare considers ways to encourage high-value post-acute care, the SNF 

star ratings can be an important input in directing patients to better quality SNFs.
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Fig. 1. 
Distribution of patients in different settings in 180 days following SNF admission.
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Fig. 2. 
Distribution of patients and skilled nursing facilities by overall star-rating and month of 

admission52.

Cornell et al. Page 22

J Health Econ. Author manuscript; available in PMC 2020 May 26.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 3. 
Test of the first stage53.
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Fig. 4. 
Comparison of patient characteristics (measured in terms of predicted likelihood of 

admission to a 5-star SNF) between patients with lower and higher values of IV within a ZIP 

code54.
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Fig. 5. 
Effect of increase in overall star rating on probability of being in a location, by day.55.
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