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Is a SkilledJNursing Facility’s Rehospitalization Rate a Valid Quality Measure?
Objective. To determinewvhether the observed differences in tis&-adjusted-ehospitalization

rates across skilled nursing facilities (SNFs) reflect true differences or merely differences in
patient severity.
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Settings. Elderly Medicare beneficiaries newly admitted to a SNfowing hospitalization.
Study Design. We used 2002012 Medicare data to calculate SNFs’ +aéskusted
rehospitalization rate. We then estimated the effect of ttedsespitalization rates on the
rehospitalization oincidentpatients in 2013, using amstrumental variabl@V) method and
controlling ferpatient’'s demographic and clinical characteristics anderggal zip code fixed
effects.We,used the number of empty beds patient’s proximat&NFsduring hospital
discharge'tocreate the IV

Principal Findings. The riskadjusted rehospitalization rate varies widely; about one-quarter of
the SNFs'have a rehospitalization rate lower than 17%oamhe-quarterit is higher than 23%.
All the IV mogdels result in a robust finding that an increaseSiNB'srehospitalization ratef 1
percentage“poirdver the period 2009-2018ads to an increase irpatient’s likelihood of
rehospitalization by 0.8 percentage points in 2013.

Conclusions._Treatment in SNFs with historically low rehospitalization causally reduces a
patient’s likelihood of rehospitalizatio@bserved differences mnehospitalization ratereflect
true differences and are not an artifact of selection

Key Words: Skilled nursing facility, quality of care, rehospitalization, readmission, ACA

INTRODUCTION

The.Centers for Medicare and Medicaid Services’ (CMS) Hospital Readmission
ReductionsPregram now holds hospitals responsible for their Medicare pateamsiission
rates inthe 80-days post discharge. One major determinant of the readmission rate is how well
the skilled nursing facility (SNF) that the patient is discharged to prevents readmi2&6r.
all patients from hospital are discharged to SNFs foraoste carédMedPAC 2015and these
patients have higher readmission satempared to patients discharged to other settings.
(Rahman et.al..2016) demonstrated that the treating SNF have relativelynflugace on
rehospitalizatiorthan the originating hospitdf. a hospital sends patients to low-quality SNFs,
then more patients will be readmitted and that hospital will be financially pen&abire@émost
Nursing Home Compammeasures reported by CMS amecorrelated with hospitaéadmission

rates(Neuman, Wirtalla, and Werner 2014pdpitals needeliable information on which SNFs
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have the lowest readmission rates. In effort to provide such information, CM® a&d--
specific readmission rate to Nursing Home Compare online reporting sys#gonil, 2016.

It remains unclear, however, if the readsion rates posted on the Nursing Home
Compare website reflect true quality or are merely the result of favorable selection. Although
the published.,readmission rates are risk adjusted, there is concern that aufusskent
methodology is imperfe¢iansagara et al. 2011)f the pubished rates reflect true differences
across SNEghen hospitals should use this new information and consider directing patients to
SNFs withlowriskadjusted readmission rates. However, if the published rates are the result of
selection (low hospital eelmission rates are due entirely to the admission of healthier patients to
the SNF), themysending patients to SNFs with low rates will not improve the readmission rate to
that hospital; the information will be misguided.

It is essential, therefore, for p&als to know if the Nursing Home Compare readmission
ratesreflecta SNF’s ability toimpactrehospitalization We used Medicare claims data to
reproduce CMS’s SNFevel riskadjusted readmission rates. We then looked at whether the
Nursing HomexComparriskadjusted readmission rate (based on past years) predicts future
readmissions=We used instrumental variable methodology to control for@ekeati to

estimatethe causal effect of the true readmission rate.

CONCEPTUAL FRAMEWORK

Wewant to estimee the causal relationship betwe#me SNF's historical riskadjusted
rehospitalization rated(iring 2009-2012) anfiiture (2013) incidenpatients’rehospitalization.
We hypothesize thdbhe SNF's rehospitalization rate is a valid measure of qualiyNF care
i.e., thata lowrehospitalization SNEan better prevent a readmission thémgh-
rehospitalization SNF. To test this hypothesis, we examined whether treafragrdtient in a
low-rehospitalization SNF causally reduces the likelihood o&ptis rehospitalizatiorafter
controlling for. selectionMore specifically, our airs to estimatehe following equation:

(1) Ripzn = BPriorRate, + X;6 + 6, + v, + Uipun

HereR;,,,, is a binary variable indicating hospital readmission of individuwdlo was
residing in zip code and was discharged from hosptiab SNFnin 2013.PriorRate,, is the

historicalrisk-adjusted rehospitalization rate of SNEhat treatsndividuali. X; is a vector of
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individual characteristicy,, are patient’s residential zip code fixed effeésare hospital fixed
effects. Our hypothesis &= 0.

By our hypothesis, thBNF rehospitalization rat@riorRate,, is a permanent marker of
nursing home care and should be positively associatedryyith. However, this statistical
associationsbetween these two variables is combination of two effettts quality of SNF care
effect and the patient selection effedfus our mairstatisticalchallenge is to isolate the patient
selection effect.

The matient selection effect impligbat patients are not randomly admitte GtoFs
Instead soame SNFs will admit patients who are disproportionately less likely to be
rehospitalizedand this selection is not entirely observable. Although risk adjustment may
reduce the"amount of selection bias, it is quite possible that CMS’s methodalogeitect,
and that even after riskdjustment, the rates are partly due to selectiovariation in NF
rehospitalization rates is entirely driventbye patient selection effecthenrandom assignment
of patientsito. SNFs with different rehospitalization rate will not affect the chance of
rehospitalization anoh our empirical model we will find thgg=0. In such aase, the SN¥evel
rehospitalization rate has no predictive power for a future patient, meaning thaffemende
across SNFEs,in the pastospitalization rate is due to selection and not quality differences.

Although e patient selection effect with respecptmr rehospitalization rateould in
theorybe either positive or negatiyvéihe prior literature strongly suggests that selection
exaggerates.the true rehospitalization raidse gior literaturehas revealed that minority race
(Mor et al#2004; Rahman and Foster 2015) and low-income (Rahman et al. 2014a; Rahman et al.
2014b)Medicare beneficiaries are more likely to be admitteldw-quality SNFs. Similarly,
residential neighborhoods play a key role in quality of care (Baicker, Chandra, and 2KidBer
Baicker etjal. 2004 )Patient characteristics and zip code fixed effects in equation (1) are likely to
capture theseseffectmitigating this empirical problemTo the extent that our empirical model
does not capture these effedtswever,S is overestimated.

Onsthe other hand, hospitals may try to strategically match patients and SNFs#® redu
the likelihood"ef readmission. If this happens, then the patients who are more likely to be
rehospitalized are sent to high quality SNFs, where the marginal effect ay qualowering the
rehospitalization rate is higher. If hospitals behaved this way, then highes@Mks could
attract sicker patients. Several studiase foundsuch selection result$-or example, the effect
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of treatment in nomrofit SNFs estimated using an IV methad larger than that estimated
using an OLS method (Grabowski et al. 2013; Hirth et al. 200#)se studies argued that non
profit status can be considered as a marker of quality and interpret their findinggrofit
SNFs receiving unobservably sicker patients. Similarly, other studies (Ratrah 2013;
Schoenfeld.et,al. 2016pncluded that hospitasends unobservably risky patients to their
preferred SNEs at disproportionately higher rate. To the extent that our empaodlldoes not
capture‘theseeffect$,is underestimated.

This paper uses two methods to control for the patient selectet. éfirst, we included
fixed effects both for thpatient’s residential zip codnd for thetreatinghospital. Residential
zip code fixedweffects control for any underlying difference between patesitsng in different
neighborhoods. Hospital fixeeffects take care differences between patients treated in different
hospitals as well as the effect of hospital’s quality of care.

Second, we used an instrumental variable (IV) method, which is commonly used in
empirical analyses to control for selectmmunobservableswithin a hospital and a residential
zZip code, patients who go to higehospitalization SNFs are unobservably different from
patientswhe gorto low-rehospitalization SNF&Ve argue that the average rehospitalization rate
of the SNEsvalilable to a patient who lives in a given zip code discharged from a specific
hospital on7a given day is a valid instrument. It is correlated with the patiboitsecbecause it
uses the rehospitalization rates only of SNFs that patients dischavgeth&t hospital are likely
to go to. Italso exploits daily variation in the occupancy rate at those SNFs. Y etriin@ems

is unrelatedtorthe health conditions of that patient.

DATA
Data sources

The empirical strategy requires that we constituetSNFspecific riskadjusted
rehospitalization rate and then use it to predict future rehospitalizatioa patient level. In
addition, wesmneed to control not only for observable patient characteristics aidstegals, but
also find a'natural expenent to predict admission to a SNF that is independent of the patient’s
health status. In short, we need several years of Medicare gatiehtlaims data and

eligibility data, including zip code residenaehich will be used to create instrumentatiables.
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We used Medicare Part A claims and Medicare enrollment files from 2003 to
identify patients who were discharged from hospital to a SNF and to calcul&B Especific
rehospitalization rateThe Medicare Enroliment data includes beneficemrollment
information, such as the beneficiary unique identifier, state and county codes, zipecgdace,
age, Medicaid.eligibility, and monthly managed care indicators (yeskeglicare claims data
include Medicare claims for inpatient, skilladrsing facility (SNF), home health (HHA),
hospice; and outpatient servicedl Medicare claims include dates of services, up to 25
diagnoses; procedure codes, charges and reimbursements.

We used Minimum Data Set (MDS) tiack number residents in a SNF on a given day.
We used thisdanformation to create our instrumental varidible. MDS assessment forms are
completedfor all residen{gscluding Medicare fedor-service, Medicare Advantage, Medicaid
and private pay patients) certified SNFs pon admission and then at least quarterly thereafter.
We also usethe Online Survey Certification and Reporting (OSCAR) System for nursing home
characteristics and The American Hospital Association (AHA) for hospital characteristics.

Sudy cohort
Wesinduded all Medicare feéor-service (FFS) beneficiaries who were discharged
directly frem generahcutecarehospitals to a Skilled Nursing Facility (SNF) for pestite care.
Individuals with a nursing home stay in the g period prior to the qualifyg
hospitalization event were excluded because we were concerned that the cBdi€ecoluld be
influencedsstrongly by past experience. We also excluded observations with a hasipitaliz
claim withinsthree months of prior to the index hospitalizatiofRsr such patients, our
instrumental variables approach would not be valid. We used data for the years 2009-2013: the
first four years of data were used to create SNFs‘adjlsted rehospitalization rates and 2013
data were used,to estimate the effedheftreating SNF’s historical risk adjusted
rehospitalization raten patient’s hospital readmission. About 1.5 million FFS Medicare
beneficiaries/are newly admitted to SNF following an acute hospitalization each year.
Rehospitalization rates for SNFstiviow numbers of admissions are highly volatile from
year to year Thereforeto ensure stable facilithevel rehospitalization rates, we restricted our
study to the 14,182 SNFs with at least 40 admissions in 2009-12. We used this restriction based
onthe rule of thumb that 1f>40, then thet-test can be used even foclearly skewed
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distribution. From these facilities, a total of 5,456,058 patients were used to calculate SNFs’
rehospitalization rates for 2009-Me tested the effect of historical redpatalization rate using
1,280,927 FS communitybased Medicare beneficiaries newly discharged from hospital to SNF
between January and November 2013. We did not include SNF admissions in December 2013

becausaeve needed one month follow up time data to identify any 30 day rehospitalization.

Variables

The 'main explanatory variable is the SNF’s historicaladjusted rehospitalization rate,
from 2009-2012. @ calculateéSNFs’historical riskadjusted rehospitalization rateve followed
an earlier studyRahman et al. 2016yhe measure was constructed in three stapst, we
regressedhe30-day hospital readmission onto patient’s age, sex, daetgeligibility, Deyo
comorbidity (Deyo, Cherkin, and Ciol 1992), hospital length of stay, and DRG fixed effeuts fro
the index hospitalization claim and hospital’'s state fixed efiesitgy ordinary least square
(OLS) methodand we predictethelikelinood of 30 day rehospitalization for each individual.
Second, wreollapsed the data to SNF level to calculate the actual number of readmissions and
the predictednumber of readmissionghich is the sum of predicted probabiliti@$ird, aSNF’'s
rehospitahzation rate thencalculated as ratio ahe observed to the predicted number of
readmissiepmultiplied by the mean readmission rate (20.34% in 2009cX2)ote, there are
several differences between this risk adjustment meathddhe method developed by RTI for
CMS. First, we d not have Hierarchical Chronic Condition (HCC) score data that has been used
in CMS method. Instead, we used DRG fixed effects and a Deyo comorbidity index. Second,
unlike CMSsmethod, we risk adjust for race, dual eligibility and geographic reuispi@l
state).Third, our measure is not annual and rather based on prior three year. Finally, our outcome
measure do not.exclude planned hospital readmission. However, in our opinion, these éifferenc
should not.,generate any meaningful difference in rankir@\#-s in terms of rehospitalization
rate.

Our,main outcome variable is patient-level 30-day rehospitalization, defineukedsan
the patient'was readmitted to a hospital within 30 days of hospital discharge Eo a SN

We included demographic charactadstof the patients from enrollment data: age,
gender(male=yes/no) anthce(white=yes/no, black=yes/no). We included three clinical
characteristics of patient from index inpatient claims: Deyo comorbidigx calculated from
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the diagnoses listed on tMedicare claimgDeyo et al. 1992), hospital length of stay, diagnosis
related groups (DRGs). We also included SNF admission month durtenai@gture seasonality
in rehospitalization rates

We also created two distance varialite®e used in forming the instrumental variable
the distance.from patient’s residential neighborhood t&tileé andhedistance from patient’s
discharging hospital tthe SNF. We geocoded all the SNFs using the address on the OSCAR
file. We"used'geocodes of hospitals from AHA file. We used zip code centroigs@sydor
individuals™residential location. We calculated patitmENF distances using the Haversine
formula(Sinnott ©84). All distances were measured in miles.

Besidesithe rehospitalization rate, we used two SNF characteristics. The first measure is
the capacity ofhe SNF measured by the maximum number of patients resrdan§NFon a
given day of 2013This is oughly same as the number of beds in a SNF. Second, we included
the number of empty beds, which is measured as the deviation of the number of patients on any
given day from the capacity of the SNF. These two variatdge calculatedsing the
ResidentiaHistory File (RHF) algorithm téhe Minimum Data Set (MDS) (Intrator et al. 2011)
The RHF is apeperson chronological history of nursing home utilization and location of
service. To.create the RHF, assessments from MDS data ar® usedteepisodes of nursing

home use-witlthe calendar dayf®r every nursing home patients.

Instrumental Variable

Wemeedan instrumental variabldat is highly correlated witthe historicalrisk-
adjusted rehespitalization rate of the treating nursing home, but is not directly related to the
individualpatient’s outcome of whether she is rehospitali@edceptually, our I\Vior a patient
is theweightedaverageof historicalrehospitalization rate dhe SNFs where patiéatindex
hospital discharged patients during the study peFRodnally,

(2) welVisit = Yinecs, Winen X HRSRR,,

Thus 1V for pati@ti discharged from hospithlon datet is the weighted mean of
HRSRR,, of alkSNFsn in patient’s choice sélSs,,. CS;, is defined asthe set of SNFs used by the
hospitalh during the study periodhe weightsw;;;,) are the probabilities that patientould
select SN from among all SNFs that hospitatlischarges toThe probabilities are estimated
based on the following choice model:
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(B)  Wipen = exp (Vihtn)/Zjeci exp (Vinen)
whereV;,,, = 6;bed,, + 6,PriorRate, + 83D_IN;, + §,D_HNy,, + 6semptybed,,

Herew;;;, is function of distance from hospitad each SNF in the choice s& {N;,,),
distance from residential zgodeto each SNF in the choice sét (N;,,), total number of beds
in SNF n ped;;), number of empty beds in SNF n beftre discharge date éfiptybed,,,) and
SNF's previous-rehospitalization rater{orRate,,). Thischoice modeis based on a
McFadden’s choice modé@VicFadden 1974, 19783as has beepreviously applied to examén
nursing home choice (Rahman and Foster 2015; Rahman et al. 2013; Rahman et al. 2014b;
Schoenfeld et al. 2016).

Based on the estimated choice moded predicted two sets of weights (probabilities
going to alternative SNFs)) weightsdepending on diahces and number of empty beds
(assumingy; andéd, = 0) and 2) weights depending &NF’s totalcapacity andhe historical
rehospitalization ratéassuming;, 6, and 65 = 0). Following the argument of Rahman and
colleagues(2013), evusedhemeanrehospitalization ratbased on the first set of weiglfie.
based onexogenous varialde)the IV and thenean rehospitalization rate based on the second
set of weights (i.e. based on endogenous variahtea)control variable.

This‘instrumental variable has several advantages. Because it is an average of the
rehospitalization rates d¢iie nearby SNFs, it is highly correlated with tekospitalization rate
of the chosen SNF. In other words, the instrument strongly predicts the endogenousivariable
the firststagesregression. Because it varies by discharge date for a given patient and hospital, it
allows us to still. control for zipode and hospital fixed effects. Because it is not based on the
patient’s actual health status or choice, it can be excluded validly from theequaition.

ANALYSIS

A keyrstep of instrumental variable analysis is to examwinether the instrument is
balanced with*respect to the covariates. Because our statistical model includes residential zip
code fixed“effects, we split the sample by whethei\theas above or belowf its zip code
level median texcheck for balance in titeservable characteristics.

Equation (4) and (5specifies the first and second stages of IV regressegpectively

4) PriorRate;, = OIVRate; + uControlRate; + X;6 + 0, + v, + Uinzn

(5)  Ripzn = BPriorRate;, + uControlRate2; + X;8 + 6, + ¥, + Uipzn
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These specifications are same as the model (1) except the two new variables. First is the
instrumental variabldVRate; whichis the mean rehospitalization rate of the choice set of
patienti based on the first set of probabilities which are based on distances and empty beds and
is included only,in the first stag8econd is a control variabléontrolRate; whichis the mean
rehospitalization rate of the choice set of patiddased on the second set of probabilities based
on capacity.and rehospitalization ragesl is included in both the stagBsiorRate;,, is the
predicted rehospitalization rate of the treating SNF of individaalculating based on the first
stageregression specified by equation (4).

We estimated these equations as linear probability model. We used the typical fixed
effect 2SLS estimation (usirthextivreg2 command in Stata) to estimate equation (44H)
only one way (zip codes) fixed effects.dtwo-way fixed effects model that involves both
hospital and residential zip code fixed effects, we usethirstage residual inclusion (2SRI)
method. We. usefil sdvreg command in Stata developed (@ornelissen 2008hat fits a linear
model with,two. highdimensional fixed effect&Ve also performed a Hausman test to determine
whether the“historical rehospitalization rate is endogenous while estintateffect on 30 day

rehospitalization in a zip code fixed effect model.

RESULTS

We first calculated the historical rehospitalization rate of SNFs using200® data,
using arisk-adjustment methodologyhich is fairly similar to the onthat CMS uses for
Nursing Home'Compare. Among the 14,182 SNFs in our sample, theremempitalization rate
was 20.26%with standard deviation of 4.76. About one quarter of the SNEs had
rehospitalization rate lower than 17% and one quarter of the SNFs have relzasioitatate
higher than 23%see appendix figure 1). One percent of the SNFs had rehospitalization rate
lower than.8:6(0ne percentile) and another one percent of SNFs had rehospitalizabearrate
31.1 (99" percentile).

Thesfirst two columns of Table 1 present patient characteristichactaracteristicef
the SNFs to'which patients were admitt€de 30-day hosfal readmission rate among newly
admitted SNF patients in 2013 was 18.5%. The averagefage cohort was 79.4 years. 64% of
these patients were femaad10% of patients were African American. The mean Deyo
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comorbidity index was 1.8. The median distance between the hospital and admitting3SINF is
miles. The median distance between the residential zip code and the admitting SNF is 4.9 miles.

Table 2 presents the estimated choice model usiit§@random sample. We also report
the marginal effects of ane standard deviation change in each of the explanatory variables.
These marginal effects are based on the chosen SNF of a;patiesttange in likelihood of
going to the SNF chosen by a patient if an explanatory variable changes by one standard
deviation (Rahman et al. 2014b). A estandard deviatiomcrease in distance from hospital or
residential’zip'code reduces the likelihood of admission to the chosen SNF by Titgogrce
points. Similarly, ifthe number of empty beds in the SNF chosen by a patient increases by one
SD, the likeliheod of going to that SNF increases by 0.7 percentage pairttsermore patients
are also less likely to go to SNFs with highestoricalrehospitalization rate

Our instrumenappears to be strong and valid.

The Instrumenalso appears to estrong predictor of the endogenous variable,
rehospitalization rate of the chosen SNF, in the first stage (see Table 3). In the absence of any
fixed effectsihe expecteddjusted readmission radee to proximity and empty beds has almost
aoneto-one correlation with theehospitalization rate of the chosen SNF. In the most stringent
model, with,both hospital and residential zip code fixed effects, an increasd\hbthéa
percentage“point results in 0.32 percentage point increfiserghospitalization rate of the
choen SNF. The associatédtatistic is 47.97 implying ali-statistic of 2301The Chi-square
statistic of the Hausman test is 41.012 vathalue 0.0000. Thus, it rejects the null hypothesis of
exogeneitysofthistorical rehospitalization rate.

Thedast fourcolumns of Table 1 compare patient characteristics above or below the zip
code level median of the instrumental variable. Although some of the paired compaegsens w
statistically significantly different at the 5 percent level dueunoverylarge samplsize, the
patient characteristics were virtually identical across the two samples. The fact that none of these
measured.explanatory variables are correlated with the instrisreantsistent with our
contentiorthat there arao obvious sources of confounders that wom@lidatethe instrument.

Table 4 presents the estimated relationship between rehospitalization and treating SNFs’
historical adjusted rehospitalization rate. The simplest OLS specification that controls for only
patient characteristichiews that an increase of SNF’s historical rehospitalization by one percent
increases patient’s likelihood of 30-day rehospitalization by 0.56 percentage pointw&'he
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control for patient’s residential zip code and hospital, adding the fixed etibeitts model, this
association reduces to 0.46 percentage points. When we control for unobserved patient
characteristics using IV estimation, the effect size moves towards one. The most comprehensive
IV model that uses both hospital and zip code fixed effevtsais that a orpercent increase of

a SNF’s histerical rehospitalization rate increases patient’s likelihood-d&B0ehospitalization

by 0.8 percentage poirBecause the numbef empty bedsn alternative SNFs ithe patient’s

choice set'is'the main source of variation in our IV, and a higher number of empty beds to
relative capacity may imply lower quality of SNF care, we estimated models including the
number of empty beds and capacity of the treating SNF of the patiensidmcaf these SNF

level variablesshdno effect on our estimated effect.

CONCLUSION

We address a timend important policy question: If hospitals want to reduce their
readmission rate due to CMS’s Readmission Reduction Program, should they riegtitheir
patients tdNFs that historically havlad a lower rehospitalization rate? Or, do nursing home
rehospitalization rates, even when rajusted, merely reflect differences in caseibe find
that thehistericalrisk-adjustedSNF rehospitalizion ratesfrom 2009-2012 predict
rehospitalizatiorfor patients in 2013 after controlling for observed and unobserved case mix.

Based on our finding, hospitals should encourage their patients to select SNFs that have
lower riskadjusted rehospitalizatiorateshrough such strategies as quality ratings and patient
educationHewever, hospitals must ultimately allow Medicare FFS patients to choos&hiei
Hospitalsaresnot allowed to narrow the choice set or mandate that a patient go to a particular
SNF.Nevertheless, becauséthe high rate of rehospitalizations from a SNF relative to other
settings, shifting patients to a low rehospitalization SNF can have a significantly reduce the
likelihood of being penalized under CMS’s Readmission Reduction Program.

As a backof-the-envelope calculation, imagine an average hospital with 300 discharges
of the applieable conditions (acute myocardial infarction, heart failure, and pneyimahia4
(18%) rehospitalized cases (based on 2014-15 data in (Zuckerman et al. 2016)). Assuming tha
20% of hospitalized patients were discharged to a SNF, this hospital has 60 &NiFgdis. In
our data, 25% of patients were discharged to the highest rehospitalizatibie @NiFs, which
had an average rehospitalization rate of 26%. Thus 15 patients with applicable congitions
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discharged to the highest rehospitalization quartile SNF and 4 of them were réizedpiliethis
typical hospital could shift all of its applicable discharges under the readmission program from
the highest to the lowest rehospitalization rate SNFs (reducing histisicaldjusted
rehospitalizatio ratefrom 26% to 15% for these patients), they could avoid roughly 1.32
readmissions.annually and decrease the hospital’'s overadidjakted readmission rate by 0.5
percentage points. This type of shift could dramatically reduce the likelihood of bemliypd
under the ‘program.

The shifting of discharges from high to low readmission SNFs makes the assuimgation t
low readmission SNFs, with excess beds, are in operation in all hospital markets. The average
SNF rehospitalization rate is quite highsimme markets and there might not be excess capacity
at a low readmission SNF in these markets. Thus, these results suggest there could be value in
hospitals partnering with certain SNFs to introduce programs to lower their readmission rates.
The extreme usion of this model would be a hospital-owned SNF, but this model could also
apply to the relationships hospitals establish with freestanding SNFsdfoplke, ACOs and
hospital networks are currently developing strategies to depeddprrednetworks ofSNF
partnergLagewet al. 2015; Maly et al. 2012; Mor and Besdine 2011). Moreover, previous data
suggests'that when hospitals concentrate their discharges in a particular SNF, they will have
lower readmission rates from ti88NF (Rahman et al. 2013).

Shifting patients across higand lowreadmission SNFs also has potential implications
for disparities in carby race and socieconomic statusf higher resource patients are
disproportionately steered kow readmissiorSNFs, therthis steeringcould exacerbate
disparities‘inseareOf coursejf the patients being steered to low readmissions SNFs are fairly
representative of the overall distributiohpatients, thethe steeringvill have less impact on
disparities

From.a.consumer perspective, CMS has recently introduced SNF readmissions on the
Nursing Home Compare website. This study has confirmed that this measuedidsiadicator
of the likeliheod of readmission for future SNF patients. Recent work suggestgpatie
selecting higher quality SNFs based on the Nursing Home Compare website r@Nkumngsn
et al. 2014; Werner, Skira, and Konetzka 20MNg)w that the website is reporting SNF
readmissions, having patients choose low readmission SNFs will further enc8tiiag¢o
compete on this measurehich would lower the overall rate 8NFreadmissions in the market
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Becauseahis measure will also be incorporated into the more widely used and reported 5 St
Rating system, tracking its relative influence on patients’ and families’ choices vesguislso
selection of SNFs into their emerging pasute care networks will be challenging but important
for future policy_considerations regarding public reporting and selective tegdattarns.

This.study has several limitations. First, we didexatlude planned hospital readmission
while calculating the 3@ay rehospitalization rate measure and assumed that it will be similar to
the riskadjustment approach that has been used in the past. Second, the treatment effect is
averaged'overlots of different markets even though we know rehospitalizat®ornagte
substantially by market just as Medicare spending does. It may be that the effects of the average
hospital mayenly be large in markets with higher variation in rehospitalization \Wes
esimated our model separately for high and low rehospitalizati@pitals (see appendix table
1) and found that steering patients to low rehospitalization SNFs has higher returospitals
with high rehospitalization rate. This result is consistent (®Ré&thman et ak016). Third,
rehospitalization rates are dropping substantially across the country (Zunkeraia2016).
Whether theysame effect of selecting lower rehospitalization SNFs will be as strong once the
overall rehospitalization rate drops is unclear. Foatthpughit appears that the instrument that
we proposed is valid, the data are still observational and we cannot be sure thatheome
process might be determining both our instrument and the outcomes. Finally, we should
emphasize the limitation that our reswdte based only otlaims data for Medicare fefer-
service beneficiarie$lowever, assuming that the withBNF readmission rates are similar
across fedor-service andMedicare Advantage (MAbeneficiariesour results might be
particularlysrelevant foMA plansbecause thegan activelydirectpatientsto low readmission
SNFs by restrictingNF choice, which is not allowed for féer-service beneficiaries

This study validates a quality measure that was recently released on the Nursing Home
Compare website. Unlike existing measures on the website, this new measure is particularly
salient to hospitals interested in minimizing readmissiomerCMS’s Readmission Reduction
Program. Meving forward, it will be important to monitor how consumers, SNFs,capt&ls

respond to'this new measure.
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Table 1: Patient characteristiasong all new skilled nursing facility (SNF) admissions and

above and below the median of the instrumental variable (V)

Entire 2013 new

IV <within Zip

code median of

IV >=within Zip

code median of

SNF cohort
v v
N=1,280,927 N=608,606 N=627,211

Mean SD Mean SD Mean SD
Outcomes
Any 30 day rehospitalization 185% 0.388 18.1% 0.385 18.9% 0.391
Characteristicsof the admitted
SNF
Historicalrisk adjusted
rehospitalization rate 20.53 4.17 20.14 4.15 20.90 4.16
Capacity 119.78 7151 119.10 71.48 120.44 71.53
Empty beds 10.59 7.44 10.51 7.39 10.66 7.49
Distance from hospital to SNF  9.95 33.77 9.43 3255 1045 34.91
Distance from'zip code to SNF 32.83 171.33 33.25 17299 3242 169.71
Patient Characteristics
Age 79.38 10.79 7954 10.72 79.33 10.82
Female 0.64 0.48 0.64 0.48 0.64 0.48
Black 0.10 0.30 0.10 0.30 0.10 0.30
White 0.86 0.35 0.86 0.34 0.86 0.35
Medicare Medicaid dual eligible 0.29 0.45 0.28 0.45 0.30 0.46
Deyo comorbidity index 1.78 1.80 1.78 1.81 1.79 1.81
Hospital length 'of stay 7.17 6.57 7.08 6.43 7.24 6.66
Predicted risksadjusted
rehospitalization rate based on
choice set and conditional logit
coefficient
Based on risk adjusted 20.16 1.42 20.03 1.41 20.28 1.41
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rehospitalization ratand

capacity coefficients (control

variable)

Based on distances and empty

bed coefficients (Instrumental  20.78 2.40 20.27 2.38 21.27 2.31

variable)

Table 2: Estimation ahe choice functiomised to calculate the instrumental variable

) . o Marginal
Variable Coefficient  z-statistic
effects
Distance from hospital to SNF -0.123*** -296.00 -0.111
Distance from zip code to SNF -0.127%** -303.55 -0.117
# of empty,beds before admission date 0.0171%** 36.26 0.007
SNF'shistoricalrisk adjusted rehospitalization rate  -0.020*** -25.93 -0.007
Capacity of SNF 0.001*** 23.04 0.007

Note: The choice function is estimated using 123,572 patients (random 10% sample) newly
admitted to SNF in 201&apacity of SNF is defined as the highest number of patients a SNF
had on a given day between 2Q0812013. The median number of SNFs in patechoice set

was 90 (mean.111.8). Pseudo R-squared of this regression was 0.3446. The marginal effects
show change“in likelihood of admission to the chosen SNF if the relevant characteristics of the
chosen"SNFchanges by one standard deviédemtale 1 for standard deviation). *** p<0.01,

** p<0.05,* p<0.1

Table 3:"Relationship between risk adjusted rehospitalization of the chosean8Nhe

Instrumental variable (First stage

Variables No fixed effects it zip code  With Zip code
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fixed effects fixed effects
and hospital
fixed effects

Predictedisk adjusted rehospitalization  0.961754*** .6209179*** .3206565***
ratebased on distances and empty beds

coefficients.(I\) [506.84] [165.74] [47.97]

Predictedisk adjusted rehospitalization .0074368** .1494898*** .5055727***
ratebased on risk adjusted

rehospitalization ratand capacity [2.32] [23.82] [2.95]
coefficients (control variable)

Partial Rsquared 0.1883 0.0310

F-statistics 2.6e+05 27469.12 2301.12

Note: all regressions include patient’s age, sex, race, dual eligibility, Dayorbidity index,
hospitalllength of stay, distance of chosen SNF from hospital and distance of choseonSNF f
patient’s residential neighborhodestatistics are square bkats. *** p<0.01, ** p<0.05, *

p<0.1

Table 4:Effect of SNFlevel historical riskadjusted rehospitalization rate on individual patient's
likelihood of being rehospitalized from the SNF within 30 dafySNF admission

Model specification OLS estimations IV estimations
0.561*** 0.617***
Without anyfixed effects
[67.64] [30.02]
With Zip code fixed effects 0.488*** 0.86953***
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[46.22] [14.59]

With Zip code fixed effects and hospital 0.455%* 0.801**
fixed effects [41.25] [3.11]
With Zip codefixed effeds, hospital fixed 0.454*** 0.803***
effectsand capacity and empty beds of the

treating SNF [41.00] [3.12]

Note: all regressions include patient’s age, sex, race, dual eligibility, Dayorbidity index,
hospital length.of stay, distance of chosen SNF from hospital and distance of choseonSNF f
patient’s residential neighborhodestatistics are square bkads. *** p<0.01, ** p<0.05, *

p<0.1
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