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Objective. To examine the patient, nursing home (NH), hospice provider, and local
market factors associated with the selection of the Medicare hospice benefit by eligible
NH residents, and evaluate the causal effect of hospice on end-of-life hospitalization rates.
Data Sources/Study Setting. Secondary data for 1995–1997 for NH residents.
Study Design. This retrospective cohort study includes NH residents in five states
(Kansa, Maine, New York, Ohio, South Dakota) who died in the years 1995–1997.
Medicare claims identified hospice enrollment and hospitalizations. Geocoding of NHs,
hospice providers, and hospitals was used to identify local markets. The two outcome
measures are hospice enrollment and hospitalization of NH residents in their last 30
days of life.
Data Collection/Extraction Method. A file was constructed linking MDS assess-
ments to Medicare claims and denominator files, NH provider files (OSCAR), hospice
provider of service files, and the area resource file.
Principal Findings. Twenty-six percent of hospice and 44 percent of nonhospice
residents were hospitalized in their last 30 days of life (odds ratio [OR] 0.45; 95 percent
confidence interval [CI]: 0.42–0.48). Adjusting for confounders, hospice patients were
less likely than nonhospice residents to be hospitalized (OR 0.47; 95 percent CI: 0.45–
0.50). Adding inverse propensity score weighting, hospice patients were still less likely
than nonhospice residents to be hospitalized (OR 0.56; 95 percent CI: 0.53–0.61).
Conclusions. Hospice selection introduces some bias in the evaluation of the causal
effect of hospice on end-of-life hospitalization rates. However, even after adjusting for
selection bias, hospice does have a powerful effect in reducing end-of-life hospitalization
rates.
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During the last decade, the Medicare Hospice Benefit has become an integral
part of the care for a large number of terminally ill people in the United States.
From 1992 to 2000 the number of hospice beneficiaries almost quadrupled,
from about 157,000 (or around 9 percent of decedents 65 years old or older)——
11 percent of whom lived in a nursing home (NH)——to nearly 535,000 people
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(about 30 percent of aged decedents)——36 percent of whom lived in a NH
(Centers for Medicare and Medicaid Services 2001; MedPAC 2002). The
growth of NHs offering hospice to their residents has also been particularly
large, increasing from an estimated 30 percent of U.S. NHs in 1995–1997
(Petrisek and Mor 1999) to 76 percent in 2000 (Miller and Mor 2004).

Hospice provides an alternative to aggressive curative care; benefits include
better palliative treatment that puts emphasis on physical, emotional, and spiritual
pain relief for the patient and immediate family members. To become eligible for
hospice, a Medicare beneficiary needs to have been certified by his/her doctor
(and the hospice medical director) as having a terminal prognosis of 6 months or
less, if the terminal illness runs its expected course. Furthermore, choosing hospice
entails forfeiting access to other Medicare Part A benefits, such as hospitalization
and skilled nursing care, for treatment related to their terminal condition.

One of the main observed effects associated with hospice has been the
lower hospitalization rates among home-based hospice (Greer et al. 1983; Mor
and Kidder 1985; Kidder 1992; Lewin-VHI 1995). Evidence suggests that,
when integrated into the NH care process, hospice care is also associated with
lower rates of hospitalization for NH hospice patients. Additionally, nonhos-
pice patients who died in NHs having a hospice presence have also been
found to have lower rates of end-of-life hospitalizations (Miller, Gozalo, and
Mor 2001). This reduction in hospitalization rates has two main implications.
At the patient level, hospitalizations of frail NH residents have been shown to
include hazards that negatively affect the quality of life (Creditor 1993) and, in
many cases, are inappropriate (Saliba et al. 2000). At the policy level, hos-
pitalizations represent the main component of total health care costs, partic-
ularly during the last few months of life. In an recent study using both
Medicare and Medicaid claims for NH decedents in the state of Florida in
1999, Miller et al. (2004) found hospital expenditures to account on average
for 78 percent of all expenditures in the last month of life among those patients
that did not receive hospice and 33 percent among NH residents who had any
hospice in the last 30 days of life.1

One important criticism of the above types of analyses is that selection
bias is introduced by the nonrandom nature of the assignment to hospice, and
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when not adjusted for, results may be biased (Emanuel and Emanuel 1994,
Scitovsky 1994). Patients that satisfy the hospice eligibility criteria (and are
knowledgeable about the status of their condition and about the availability of
Medicare hospice) are free to choose to participate in the benefit. As a result,
individuals that choose to enroll in hospice may have opted——regardless of
hospice——for less aggressive care at end-of-life. Ignoring this self-selection
would wrongly ascribe to hospice the lower inherent propensity of those hos-
pice recipients to be hospitalized. An additional source of selection bias for NH
residents stems from the fact that NHs also ‘‘choose hospice’’——choose to have
in place a contractual agreement with a hospice provider. As with residents,
nursing facilities offering hospice may differ in important ways in their use of
aggressive care from those without a hospice contract. There is some evidence
in the literature that point to the influence of facility and (local) market char-
acteristics on hospice enrollment and end-of-life hospitalization. An evaluation
of the timing of hospice enrollment found strong market and provider effects,
even after adjusting for several patient clinical attributes (Christakis and
Iwashyna 2000). Similarly, other studies have found local health care markets
to be associated with site of death (Pritchard et al. 1998; Gallo, Baker, and
Bradley 2001); in particular, one study found death in a hospital setting to be
highly influenced by local health care system characteristics, more so than by
patient characteristics and their preferences (Pritchard et al. 1998). Conse-
quently, it is important to consider both individual characteristics, and facility
and market characteristics when controlling for selection bias.

This study makes two substantial contributions to the literature. First, it
estimates NH residents’ propensity to elect hospice, which has not been pre-
viously examined in the literature. Second, and more importantly, this study
uses inverse propensity score weighting to estimate the true (causal) hospice
effect on hospitalization of NH residents in their last 30 days of life. We
hypothesized that the hospice effect on hospitalization would be smaller once
we controlled for residents’ propensity to elect hospice, but that there would
still be a large hospice effect.

METHODS

Data Sources and Cohort Development

Having obtained a signed data use agreement from the Center for Medicare
and Medicaid Services (CMS), we linked all the Minimum Data Set (MDS)
NH assessment records in five states (Kansas, Maine, New York, Ohio, and
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South Dakota) with the CMS eligibility file which contains the Medicare ben-
eficiary date of death (DoD). We identified 225,254 NH residents in these
states who died in the years 1995–1997.2 We deleted 307 (0.14 percent) of
these residents due to inconsistent or illogical data elements, and an additional
3,167 (1.41 percent) residents with no NH identification number. In addition,
a total of 36,030 (16.0 percent) residents who had their last MDS assessment
120 days or more before their DoD were excluded as, given the requirement
that MDS assessments be collected quarterly at the latest, it was unlikely that
they were still NH residents at their time of death.

Using the unique personal identifier of the 185,750 remaining NH res-
idents we linked their MDS records and their Medicare hospice and inpatient
claims. Comparing their NH admission date(s) and the coverage periods of
their hospice episodes we identified 14,615 (7.9 percent) residents who were
enrolled in hospice while being a NH resident. An additional 2,008 (1.1 per-
cent of total) who enrolled in hospice before their NH admission were also
identified and excluded because they were not exposed to the usual care
practices of the NH at the time of their hospice election and could potentially
receive different treatment than residents who selected hospice after being
admitted in the NH. The final cohort for our analysis consisted of 183,742
residents, 169,127 who did not enroll in hospice and the 14,615 (8 percent)
who did. Residents identified as hospice enrollees could have been enrolled in
hospice from 1 to 30 days in their last 30 days of life.

Organizational data on NH providers was obtained from the CMS On-
line Survey and Certification Automated Record (OSCAR). Additional CMS
data files used in the analysis included the 1997 Provider of Services (POS) file.
NH, hospice and hospital provider addresses in these files were used to obtain
geocoded variables, such as latitude and longitude, for these facilities. We also
used the 1998 release of the Area Resource File (ARF).

Analytic Approach

Our main goal was to estimate the causal treatment effect of hospice on end-of-
life hospitalization. In the absence of randomization, individuals choosing
hospice will generally be different in observed and unobserved characteristics
than those not choosing hospice. The two main approaches to estimate causal
effects of nonrandomized treatment are methods based on controlling for
observed differences (these include regression, matching, and propensity
score) and those based on instrumental variables (IV). IV estimation relies on
the identification of one (or more) variables, which affects treatment but that
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only affects the outcome through the treatment. The IV method has the
potential for controlling unobserved confounding, but the validity of the IV
itself cannot be empirically checked (Angrist, Imbens, and Rubin 1996;
McClellan and Newhouse 2000). In our case, the identification of a variable
which could satisfy the two requirements of affecting hospice enrollment
by NH residents and at the same time not affecting hospitalization in their last
30 days of life (other than through the hospice enrollment) was not obvious.
For this reason, our approach focused on a method that controls for observed
characteristics.

We took advantage of the relative richness of our datasets to create a
large set of observed individual characteristics to minimize the effects of po-
tential unobserved factors. In particular, our estimator is based on the Inverse
Probability of Treatment Weighting (IPTW) method proposed by Robins and
colleagues (Robins and Rotnitzky 1995; Robins, Hernan, and Brumback
2000). The IPTW method combines two commonly used methods, regression
and propensity score weighting, to take advantage of the best features of each
individual method. Regression corrects for confounding while the inverse
propensity score weighting corrects for imbalances in the distribution of the
covariates between the treatment and control groups due to the nonrandom-
ness of the hospice enrollment process. Weighting by the inverse of the prob-
ability of treatment balances the distributions of the covariates among
treatment groups producing an unbiased treatment effect estimate (Hirano
and Imbens 2001; Hogan and Lancaster 2004; Imbens 2004).

Letting Y denote the (binary) outcome of hospitalization of NH residents
in their last 30 days of life, we estimated the treatment effect of hospice H on Y.
H took the value of 1 if the resident elects hospice before death, regardless of
how close to death, and 0 otherwise. The two-step estimation approach con-
sisted of first estimating P ðW Þ ¼ P ðH ¼ 1jW Þ, the probability of choosing
H given W ¼ ðX ;Z Þ; where X contains observed pretreatment covariates
determining hospitalization, and Z a set of hospice provider characteristics. To
reduce endogeneity we used characteristics of the hospice provider nearest to
the NH rather than those of the hospice used by the patient in the NH. In the
second step we regress Y on H and X weighting each individual’s observation
by ½H =P ðW Þ� þ ½ð1� H Þ=ð1� P ðW ÞÞ�, the inverse probability of receiving
the treatment actually received (Horvitz and Thompson, 1952; Robins, He-
rnan, and Brumback 2000). Subjects choosing hospice (H ¼ 1) were weighted
by the inverse of P ðW Þ and untreated subjects by the inverse of 1� P ðW Þ. 3,4

In order to examine the sensitivity of our results to unobserved characteristics,
we used increasing levels of observed confounders. In particular, we modeled
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Y as a function of H alone, and of H and X with X 5 (R), X 5 (R, F), and
X 5 (R, F, M), where R denotes resident characteristics, F nursing facility
characteristics, and M local health market characteristics.

Analysis of the binary dependent variables in each of the two steps, H
and Y, was performed by logistic regression using the generalized estimating
equation (GEE) method with robust standard errors that accounts for corre-
lation in the error term due to clustering of individuals in the same nursing
facility assuming an exchangeable working correlation (Liang and Zeger 1986;
Diggle et al. 2002).

Patient-Level Variables

To carry out our analysis we collected two MDS assessments for each NH
resident. For estimation of the probability of hospice treatment (step 1) we
considered the assessment closest to the start of the hospice eligibility period of
6 months before death. For the approximately 33 percent of patients that were
not admitted to the NH before their last 6 months of life, we used their NH
admission assessment. For estimation of the end-of-life hospitalization (second
step), we selected the last assessment (closest to death) for being the most
informative about the patient’s health status near death.

We obtained the patient’s gender, age, race, and date of death from the
CMS eligibility and vital status file. Race was dichotomized as ‘‘nonwhite’’ or
‘‘white.’’ To allow for nonlinearities, age was categorized into five groups——
o75, 75–79, 80–84, 85–89, and 90 � of approximately equal sample sizes.
Other variables that were categorized for similar concerns were distances
between providers and time from MDS to DoD. We used the MDS assess-
ments and CMS inpatient claims (from January 1992) to obtain diagnosis
information. Diagnoses were grouped into one of four broad categories——
cancer with no dementia/Alzheimer’s disease, cancer with dementia/Al-
zheimer’s disease, dementia/Alzheimer’s disease without cancer, and diag-
nosis other than cancer or dementia/Alzheimer’s disease.5

From the MDS dataset and its derived variables we obtained the marital
status (married, not married), the presence of congestive heart failure or
chronic obstructive pulmonary disease, a 6-point activities of daily living
(ADL) index, the Cognitive Performance Scale (CPS) (Morris et al. 1994), and
the presence of do-not-hospitalize (DNH) and do-not-resuscitate (DNR) or-
ders. DNH and DNR orders have been documented to be independently
associated with reduced hospitalization (Mor et al. 1997; Dobalian 2004) and
to function as a marker for undocumented care limitations or as a mandate
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to limit care in general (Zweig et al. 2004). The ADL index ranges from 0
(minimum oversight) to 5 (highly dependent). The CPS scores range from 0
(intact) to 6 (very severe impairment). The DNH and DNR variables were
included to adjust for unobserved patient preferences toward aggressive care.
While hospices may require DNR orders our MDS variable is recorded in-
dependently of hospice status. Also, to control for patient preferences and
disease severity in the two estimation steps, we included the number of hos-
pitalizations during the 6 months before the date of the MDS assessment. Last,
an indicator variable for short-stay NH patients (stays of o90 days) and the
number of days from the MDS to death provided additional information on
unobserved factors contributing to death.

Provider-Level Variables

Each of the two MDS assessments used in the analysis was matched to the
closest OSCAR survey to obtain the following NH attributes: payer types
(percent residents Medicaid, Medicare or private pay), proprietary status (for-
profit versus not-for-profit), multifacility status (part of a chain versus not part
of a chain), provider type (operated by hospital versus not operated by a
hospital), presence of any type of special care unit (such as Alzheimer’s), and
number of health deficiency citations. In addition, we used MDS records from
all NH residents (not just decedents) in each facility to calculate the yearly
average nursing case-mix index (CMI) for each facility, as well as the percent
of nonwhite residents in each facility. This CMI measures the severity and
level of resources used; it is based on the Resource Utilization Groups (RUG)
scale and it is scaled to a value of 1 for the average resident (Fries et al. 1994).
NH addresses in OSCAR and hospice provider addresses in the POS file were
used to obtain latitude and longitude geocoding information and to compute
distances between the patient’s NH and the hospice providers. Each NH
resident record was then linked to the hospice provider data of the provider
nearest in distance to the resident’s NH. From the hospice POS file we selected
the following hospice attributes: proprietary status (for-profit versus not-for-
profit), provider type (operated by hospital, operated by skilled nursing fa-
cility, operated by government agency, operated by home health agency, and
free-standing hospice program), and type of care provided (inpatient care or
respite care).

Finally, based on preliminary analysis, we included interaction terms for
hospice for-profit proprietary status and both NH for-profit proprietary status
and being part of a chain status.
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Market and Environmental Variables

For the hospice selection model, we constructed three variables to account for
hospice market competition using distance from the NH to the nearest hospice
provider, distance from the NH to the second nearest hospice provider, and an
indicator of the presence of two or more hospice providers within 10 miles
from the NH. Similarly, we constructed the distance from the NH to the
nearest hospital and its number of beds, and an indicator of two or more
hospitals within 10 miles of the NH. To account for local health care market
variation, we used the ARF data for the county of residence of each NH to
determine the number of hospital beds and doctors per 100 persons 65 years
of age or older. In addition, we used OSCAR data to calculate the number of
NH beds per 100 persons 65 years of age or older in each county. We also
included indicator variables for the five states.

RESULTS

Characteristics of Patients

A summary of the attributes of the hospice and nonhospice members of the
cohort at the time of their last MDS assessment, their NH and hospice pro-
viders, and their local health care market is provided in Table 1. Hospice
patients were different from nonhospice patients in some aspects. They were
less often male and nonwhite and more often married. Hospice patients were 2
years younger on average than were nonhospice patients, but these differences
were not statistically significant. As anticipated, a significantly higher propor-
tion of hospice patients had documented DNH and DNR orders and had
diagnoses of cancer (47.4 versus 22.4 percent; Table 1). The most common
types of cancer among hospice and nonhospice patients were prostate (10.2
versus 14.2 percent of all cancer diagnoses), lung (15.4 versus 12 percent),
colon (10 versus 9.7 percent), breast (8.2 versus 7.9 percent), and bladder (4
versus 4.8 percent), and almost half of the cancer patients had some metastasis
(48 versus 42 percent) as secondary diagnosis (Cooper et al. 1999).

Hospice NH residents more often than nonhospice residents are in NHs
that are for-profit, part of a chain, that have a higher private-pay/Medicaid-pay
ratio, that have a lower percentage of nonwhite residents, that have a special
care unit, and whose nearest hospice provider is for-profit and/or hospital
based (Table 1). Compared with nonhospice residents, hospice residents are in
NHs that are near a greater number of hospitals, closer to a large hospital, 2
miles closer on average to their closest hospice provider and 4 miles closer to
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the second closest hospice provider. Finally, hospice enrollment rates vary
substantially among the five states; rates were 12.5 percent in Ohio, 11.6
percent in Kansas, 6.6 percent in New York, 5.4 percent in South Dakota, and
2.4 percent in Maine.

Factors Associated with the Choice of Hospice

Table 2 shows the results of a logistic GEE multivariate regression of hospice
enrollment of NH patients. The most important individual determinants of
hospice enrollment are a principal diagnosis of cancer and preferences for
noncurative interventions care as measured by the presence of a DNR and
DNH order. Other patient factors significantly associated with higher hospice
enrollment are being married and having a higher number of hospitalizations
6 months before the MDS assessment. Being male, nonwhite, older, having
congestive heart failure and having higher physical and cognitive impairment
were associated with a lower probability of hospice enrollment.

Among NH attributes, residents in facilities with higher average nursing
CMI or with a special care unit had a greater likelihood of choosing hospice
while residents in facilities with higher percentage of nonwhites were less
likely to choose hospice. Providers’ chain and for-profit status and having a
high number of hospitals near the NH, which appeared associated with higher
hospice enrollment in descriptive analysis (Table 1), were not significantly
associated with hospice enrollment. However, when the nearest hospital is
large, or when both the NH and its nearest hospice provider were for-profit,
residents had a higher likelihood of enrolling in hospice.

Distance between the NH and its nearest hospice provider in excess of
15 miles was significantly associated with a lower likelihood of hospice en-
rollment as was the nearest hospice provider being operated by a skilled
nursing facility, government agency or a home health agency, or when only
offering inpatient care. Distance to the nearest hospital or having many hos-
pitals nearby, on the other hand, were not associated with higher hospice
enrollment. Our adjustments for patient, facility, and local market character-
istics still leave significant variations across states; NH patients in Ohio and
Kansas had an over four times greater likelihood of choosing hospice than in
Maine.

An analysis of the predicted probabilities of hospice enrollment used to
construct the inverse probability weights for the estimation of end-of-life hos-
pitalization showed the mean � SD of the predicted probabilities of hospice
enrollment was 0.07 � 0.06 for patients that did not actually enroll in hospice
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Table 2: Factors Associated with Hospice Enrollment of Nursing Home
Patientsn

Variable OR (95% CI)

(R) NH residents attributes
Sociodemographics

Male 0.80 (0.77, 0.84)z

Nonwhite 0.90 (0.83, 0.97)z

Married 1.13 (1.08, 1.18)z

Age, per year 0.99 (0.98, 0.99)z

Diagnosis group
Other 1.00
Cancer, no dementia 3.21 (3.03, 3.41)z

Cancer, with dementia 2.29 (2.14, 2.46)z

Dementia 1.05 (1.00, 1.11)w

Additional diagnoses
Congestive heart failure 0.89 (0.85, 0.93)z

Chronic obstructive pulmonary disease 0.99 (0.94, 1.04)
Activities of daily living (per unit increase) 0.97 (0.95, 0.99)w

Cognitive performance scale (per unit increase) 0.95 (0.94, 0.96)z

Advance directive
Do-not-hospitalize order 1.34 (1.21, 1.49)z

Do-not-resuscitate order 1.30 (1.24, 1.36)z

Resource utilization
NH stay o90 days 1.03 (0.98, 1.09)
Number of hospitalizations 6 months before hospice MDS 1.08 (1.06, 1.09)z

Days from MDS assessment to date-of-death (months)
o3 1.00
3 � 6 1.59 (1.49, 1.70)z

61 1.49 (1.39, 1.60)z

(F) NH facility attributes
NH of patient

Average nursing case-mix index (per 0.1 units increase) 1.04 (1.02, 1.07)z

Percent nonwhite residents in NH (per 1% increase) 0.65 (0.44, 0.95)w

Percent Medicaid-pay residents in NH (per 10% increase) 1.00
Percent Medicare-pay residents in NH (per 10% increase) 1.02 (0.98, 1.06)
Percent private-pay residents in NH (per 10% increase) 1.03 (1.00, 1.06)w

For-profit 1.01 (0.87, 1.18)
Part of a chain 1.09 (0.96, 1.23)
Operated by a hospital 0.98 (0.76, 1.23)

Number of health deficiencies (per unit increase) 1.00 (0.99, 1.00)
Presence of any special care unit 1.10 (0.99, 1.22)w

Distance from NH to nearest hospital (miles)
o2 1.00
2 � 6 1.09 (0.96, 1.24)
61 1.02 (0.88, 1.19)

Nearest hospital size is large (2501 beds) 1.21 (1.02, 1.43)w

More than two hospitals within 10 miles 1.03 (0.87,1.23)

continued
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and 0.13 � 0.09 for those that went on to choose hospice. The median pre-
dicted probabilities were 0.05 and 0.1, respectively.

Factors Associated with Hospitalization in the Last 30 Days of Life

In the 30 days before death, 25 percent (3,730) of the hospice patients and 43
percent (73,410) of the nonhospice patients were hospitalized.6 This translates

Table 2: Continued

Variable OR (95% CI)

Nearest hospice provider
For-profit 0.96 (0.75, 1.23)
Operated by a hospital 1.00
Operated by free-standing program 0.91 (0.78, 1.06)
Operated by a home health agency 0.79 (0.67, 0.93)w

Operated by government 0.69 (0.55, 0.86)z

Operated by a SNF 0.51 (0.38, 0.70)z

Respite care provided 1.00
Acute/inpatient care only provided 0.78 (0.66, 0.92)z

Hospice and NHH both for-profit 1.58 (1.23, 2.02)z

For-profit hospice and NHH part of a chain 1.03 (0.82, 1.30)
Distance from NH to closest hospice (miles)

o15 1.00
15 � 30 0.88 (0.72, 1.07)
301 0.49 (0.32, 0.73)z

Additional distance from NH to second closest hospice (miles)
o15 1.00
15 � 30 1.06 (0.89, 1.26)
301 0.90 (0.67, 1.20)

More than two hospices within 10 miles 0.98 (0.82, 1.17)
(M) Local health care market and states

Number of hospital beds in the county (per 100 aged � 65) 0.96 (0.93, 1.00)
Number of NH beds in the county (per 100 aged � 65) 1.05 (1.03, 1.07)z

Number of medical doctors in the county (per 100 aged � 65) 1.13 (1.06, 1.21)z

Maine 1.00
New York 2.23 (1.60, 3.11)z

Ohio 4.51 (3.29, 6.18)z

Kansas 4.16 (2.97, 5.82)z

South Dakota 2.18 (1.35, 3.50)z

nThe table shows the results of a generalized estimating equation logistic regression giving the ORs
and 95% CIs of electing Medicare’s hospice depending on patient, NH, hospice provider, local
health market, and state attributes in a sample of 183,742 NH residents. CIs were adjusted to
account for natural clustering of patients into NHs. All dichotomous variables were coded as
1 5 present and 0 5 absent. Reference categories are denoted with an OR of 1.00 and no 95% CIs.
wpo.05;
zpo.001.

MDS, minimum data set assessment of NH residents; SNF, skilled nursing facility; NH, nursing
home; OR, odds ratio; CI, confidence interval.
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into a crude (unadjusted) odds ratio (OR) of 0.45 and a crude risk ratio (RR) of
0.59.7 Table 3 presents the estimated hospice effect on end-of-life hospital-
ization without and with adjustment based on the IPTW weights. The results
are shown using increasing sets of covariates to better understand the effect of
adjusting for different sets of observable confounders directly through the
regression. Considering the results without IPTW adjustment, we see a mod-
erate effect of adjusting for individual characteristics (OR 0.48; 95 percent
confidence interval [CI]:0.45–0.51. RR 0.62; 95 percent CI: 0.59–0.64), and
there was little change when facility and market factors were added. Adjusting
with the IPTW weights based on the inverse probability of hospice treatment
results in a significant adjustment in the model with no other covariates (OR
0.55; 95 percent CI: 0.51–0.59; RR: 0.68; 95 percent CI: 0.65–0.72), pointing
to the presence of selection bias arising from differences in the distribution of
the observed confounders between hospice and nonhospice NH residents,
and very little additional effect when NH resident, facility, and market factors
were added to this model.8 Comparing the crude RR (0.59) and fully adjusted
RR (0.69) we see that of the 41 percent reduction in hospitalizations attributed
to hospice by the crude RR, almost a quarter ([0.41� 0.31]/0.41 5 24.4 per-
cent) of them are estimated by our adjusted RR to be due to selection.

Table 4 presents the detailed results of the model adjusting for all groups
of covariates with IPTW weighting adjustment. Individual factors significantly

Table 3: Effect of Hospice on End-of-Life Hospitalization in Models with
Increasing Sets of Covariatesn

Covariates in the Model

Without IPT Weighting With IPT Weighting

OR (95% CI) RR (95% CI) OR (95% CI) RR (95% CI)

H 0.45 (0.42, 0.48) 0.59 (0.57, 0.61) 0.55 (0.51, 0.59) 0.68 (0.65, 0.72)
H, R 0.48 (0.45, 0.51) 0.62 (0.59, 0.64) 0.56 (0.52, 0.61) 0.69 (0.66, 0.73)
H, R, F 0.47 (0.45, 0.50) 0.61 (0.59, 0.64) 0.56 (0.52, 0.60) 0.69 (0.66, 0.73)
H, R, F, M 0.47 (0.45, 0.50) 0.61 (0.59, 0.64) 0.56 (0.53, 0.61) 0.69 (0.66, 0.73)

nThe table shows the results of a generalized estimating equation logistic regression giving the odds
ratios (OR) and risk ratios (RR; with their 95% CIs) of hospitalization in the last 30 days of life
depending on hospice enrollment (H), NH resident (R), NH facility (F), local health market and
state (M) attributes, in a sample of 183,742 NH residents (see Table 4 for detailed list of variables
used). Robust confidence intervals were adjusted to account for natural clustering of patients into
NHs. The adjusted results used stabilized weights proportional to the inverse probability of re-
ceiving the (hospice) treatment actually received. These probabilities of electing hospice were
computed for all models using the results displayed in Table 2. All hospice coefficient estimates
have a p-value o.001.

NH, nursing home; CI, confidence interval.
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Table 4: Effect of Hospice and Full Set of Factors on End-of-Life Hospital-
ization (Using IPT Weighting)n

Variable Odds Ratio (95% CI)

Hospice enrollment after NH admission 0.56 (0.53, 0.61)z

(R) NH residents attributes
Resident sociodemographics

Male 1.07 (1.05, 1.10)z

Nonwhite 0.96 (0.91, 1.00)w

Married 1.06 (1.03, 1.09)z

Age (years)
o75 1.00
75 � 80 1.03 (0.99, 1.07)
80 � 85 0.99 (0.95, 1.03)
85 � 90 0.95 (0.91, 0.98)z

901 0.78 (0.74, 0.81)z

Patient diagnosis group
Other 1.00
Cancer, no dementia 0.91 (0.88, 0.94)z

Cancer, with dementia 1.14 (1.10, 1.18)z

Dementia 1.11 (1.08, 1.14)z

Additional diagnoses
Congestive heart failure 1.15 (1.12, 1.17)z

Chronic obstructive pulmonary disease 1.08 (1.05, 1.11)z

Activities of daily living (per unit increase) 0.88 (0.87, 0.89)z

Cognitive performance scale (per unit increase) 0.92 (0.91, 0.93)z

Advance directive
Do-not-hospitalize order 0.60 (0.56, 0.64)z

Do-not-resuscitate order 0.70 (0.68, 0.71)z

Resource utilization
NH stay o90 days 1.47 (1.42, 1.52)z

Number of hospitalizations 6 months before last MDS 1.15 (1.14, 1.17)z

Days from MDS assessment to date-of death (days)
� 21 1.00

22–90 0.37 (0.36, 0.38)z

911 0.47 (0.44, 0.49)z

(F) NH attributes
Average nursing case-mix index (per 0.1 units increase) 1.01 (1.00,1.02)w

Percent nonwhite residents in NH (per 1% increase) 2.28 (1.93,2.68)z

Percent Medicaid-pay residents in NH (per 10% increase) 1.00
Percent Medicare-pay residents in NH (per 10% increase) 1.01 (0.99,1.03)
Percent private-pay residents in NH (per 10% increase) 0.95 (0.93,0.96)z

For-profit 1.24 (1.17, 1.32)z

Part of a chain 0.93 (0.88, 0.97)z

Operated by a hospital 0.90 (0.80, 1.00)
Number of health deficiencies (per unit increase) 1.00 (0.99,100)
Presence of any special care unit 0.97 (0.92, 1.01)

continued
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associated with a lower likelihood of hospitalization include being nonwhite,
older age, a diagnosis of cancer without dementia, greater functional limita-
tions (ADL), and cognitive impairment (CPS), and the presence of a DNH or
DNR order.9 Being male, married, having a diagnosis of dementia (with or
without cancer), congestive heart failure or chronic obstructive pulmonary
disease, being a short-stay NH resident and having been hospitalized more
often in the 6 months before the MDS assessment date were all significantly
associated with higher likelihood of hospitalization. Some NH attributes were
significantly associated with hospitalization in the last 30 days of life, partic-
ularly the organizational characteristics, the proportion of nonwhite residents,
being more than 2 miles away from the nearest hospital, and being near many
hospitals.

Table 4: Continued

Variable Odds Ratio (95% CI)

Distance from NH to nearest hospital (miles)
o2 1.00
2 to &o6 0.93 (0.87,0.99)w

61 0.95 (0.88,1.01)
Nearest hospital size is large (2501 beds) 0.99 (0.90, 1.07)
More than 2 hospitals within 10 miles 1.31 (1.22, 1.41)z

(M) Local health care market and states
Number of hospital beds in the county (per 100 aged � 65) 0.99 (0.98,1.01)
Number of NH beds in the county (per 100 aged � 65) 1.00 (0.99,1.01)
Number of medical doctors in the county (per 100 aged � 65) 0.99 (0.96,1.02)
Maine 1.00
New York 1.36 (1.20, 1.53)z

Ohio 1.28 (1.13, 1.45)z

Kansas 1.55 (1.35, 1.77)z

South Dakota 1.56 (1.32, 1.84)z

nThe table shows the results of a generalized estimating equation logistic regression giving the odds
ratios and 95% CIs of hospitalization in the last 30 days of life depending on hospice enrollment,
patient, NH, local health market, and state attributes in a sample of 183,742 NH residents. Robust
confidence intervals were adjusted to account for natural clustering of patients into NHs assuming
an exchangeable working correlation. The adjusted results used stabilized weights proportional to
the inverse probability of receiving the (hospice) treatment actually received. These probabilities
of electing hospice were computed using the results displayed in Table 2. All dichotomous var-
iables were coded as 1 5 present and 0 5 absent. Reference categories are denoted with an odds
ratio of 1.00 and no 95% CIs.
wpo.05;
zpo.001.

NH, nursing home; OR, odds ratio; CI, confidence interval.
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DISCUSSION

This study is the first to attempt to disentangle the causal hospice influence
on end-of-life hospitalization from the influence that may be more correctly
attributable to factors associated with hospice selection. Persons who enroll in
hospice choose aggressive palliative care rather than aggressive curative care
and, a logical assumption is that these same persons would also utilize less
inpatient care, even if hospice was not available. Similarly, NHs that choose to
contract with hospices may be less likely to hospitalize their residents, even if
hospice was not present. Our results found that, indeed, about one quarter of
the observed raw hospice effect on hospitalization in the last 30 days of life is
eliminated when we use the IPTW method to adjust for selection on observ-
able characteristics (from a RR of 0.59 to 0.69). However, the hospice effect
still represents an important reduction in the likelihood of end-of-life hospi-
talizations, and this effect may have been even larger if we had not treated all
hospice enrollees similarly (regardless of hospice length of stay). Therefore,
the hypothesis that hospice enrollment is associated with a lower likelihood of
end-of-life hospitalization is strongly supported by this research.

As Medicare hospice enrollees cannot access Medicare Part-A inpatient
care for conditions related to their terminal illnesses (and remain enrolled in
hospice) and because hospice is responsible for the care coordination of NH
hospice residents, most NHs have procedures in place to notify hospice re-
garding the potential need for hospitalization. Once notified, hospice staff
intervenes in an attempt to prevent hospitalization. Similar routine interven-
tion does not occur for many nonhospice residents who become acutely ill, or
are actively dying (Kayser-Jones et al. 1989; Brooks et al. 1994). So, in addition
to the palliative care expertise that accompanies hospice enrollment, care
protocols associated with hospice enrollment appear to enable the avoidance
of end-of-life hospitalization.

As in previous research (Miller and Mor 2002), we found residents who
enrolled in hospice more often had cancer diagnoses and DNR and DNH
orders in place and that hospice enrollment varied tremendously across states.
Only 2 percent of Maine, 5 percent of South Dakota, and 7 percent of New
York NH dying residents accessed hospice, compared with 12 percent of
Kansas and 13 percent of Ohio NH residents. These observed enrollment
differences are compatible with overall hospice enrollment differences in
these states (Gage and Dao 2000). As would be expected, residents who en-
rolled in hospice versus nonhospice dying residents, were in NHs that were
closer in distance to the nearest hospice.
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In both multivariate models, the associations observed between end-of-
life hospitalization and patient level variables (including the state in which
patients resided) were consistent with previous research (Miller, Gozalo, and
Mor 2001). Additionally, consistent with previous research (Intrator, Castle,
and Mor 1999; Mor, Papandonatos, and Miller 2005), we found residents in
for-profit NHs and in NHs with higher proportions of nonwhite residents had
a higher likelihood of hospitalization, while those in NHs that are part of a
chain had a lower likelihood. Furthermore, when the government or a skilled
nursing facility operated the nearest hospice, residents had a greater likelihood
of hospitalization; they had a lower likelihood if a home health agency op-
erated the nearest hospice.

Our study has some limitations. One is the potential that some relevant
confounder was not included, invalidating the unverifiable assumption of ig-
norable treatment assignment conditional on observables. The heterogeneity
of populations and health care practices across facilities, markets, and states
presents challenges to adjustments for unobserved factors when estimating
population average hospice treatment effect. Finding IVs that satisfy the nec-
essary assumptions across the diverse subpopulations becomes difficult. How-
ever, our results illustrate that just increasing the number of observed
confounders (and therefore reducing the number of unobserved confounders)
in the outcome regression offers some limited adjustment and that it is more
important to use some method (like the IPTW method) to restore balance of
treatment among individuals with similar observed characteristics. When the
IPTW method was used, the importance of adjusting the outcome model for
potential confounders became less critical for estimating the hospice treatment
effect. In addition, when modeling choice, our analysis had the advantage of
the rich NH resident data available in the MDS. Future analysis needs to
examine how well our approach performs with community-based hospice
patients for which less information is available. Another aspect we have not
addressed is the effect of treatment heterogeneity, mostly due to differences in
hospice length of stay. Such differences are in part due to the inherent dif-
ficulty with determining 6-month terminal prognosis (Christakis 1999; Fox
et al. 1999; Christakis and Lamont 2000); and may also be influenced by other
barriers to hospice referral in NHs; for example, the absence in many NHs of
routine processes for assessing residents’ terminal decline, and the physical
absence of physicians (Wetle et al. 2005). In our model we do not distinguish
hospice treatment by its length of exposure, and, as implemented, the IPTW
method obscures the differential effect of this treatment heterogeneity and
provides an adjustment that is averaged over the different treatments in the
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sample. An additional concern is the generalizability of our findings to other
U.S. states, but previous research (Miller, Gozalo, and Mor 2001) leads us to
believe that examination of this phenomenon in other states will result in
comparable findings; still, this remains to be seen.

In conclusion, NH residents enrolled in hospice, versus those dying
without hospice, have a lower likelihood of hospitalization in the last 30 days
of life. Because of Medicare regulations prohibiting acute care hospitalizations
in parallel with hospice enrollment, hospices often intervene when hospital-
ization is being considered. It appears that this regulation together with the
availability of increased end-of-life palliative care management afforded by
hospice enrollment are effective in preventing end-of-life hospitalizations.
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NOTES

1. The almost $3,000 difference ($4,445 among nonhospice versus $1,551 among
hospice) is statistically significant at any commonly used significance level (t-sta-
tistic 5 11.58 follows a t-distribution with 5,020 degrees of freedom).

2. These states, except Ohio, were selected by CMS (then known as HCFA) as
demonstration states to implement a case-mix Medicare system that led to our
current PPS Medicare payment system for NHs. As such their MDS data quality is
better than in many other states. Ohio was added due to its good MDS data quality
and large size to help the power of our analysis.

3. If, for example, 10 individuals share the same value w of observed characteristics W
and three of them chose hospice so that P ðH jW ¼ wÞ ¼ 0:3, after IPTW weight-
ing we will have 3/0.3 5 10 with H 5 1 and 7/0.7 5 10 with H 5 0.

4. When the probability of treatment varies substantially between subjects it can
result in very large variability of the inverse probabilities. Applying these weights
directly would make our weighted logistic regression estimates have large variance
and fail to be approximately normally distributed. For this reason, we use the
stabilized inverse probability weights recommended in the literature defined as the
ratio of the unconditional probabilities (proportion in the study with and without
hospice) and the conditional probabilities of receiving the treatment actually
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chosen P=P ðW Þ ¼ P ðH ¼ jÞ=P ðH ¼ j jW Þ; j ¼ 0; 1 (Robins 1999; Robins,
Hernan, and Brumback 2000).

5. To assess the quality of diagnoses in claims data we compared our diagnosis based
on MDS data plus inpatient claims 6 months before death (in hospice equation) or
claims before death (in inpatient equation) to those obtained using only MDS data.
In the hospice equation, the two methods (MDS1inpatient claims versus MDS
alone) had different diagnosis values in1.6 percent (cancer-no dementia), 1.1 per-
cent (cancer-with dementia), 1.9 percent (dementia-no cancer), and 2.6 percent
(other) cases. In the hospitalization equation the mismatch rates were higher (5.1
percent [cancer-no dementia], 5.2 percent [cancer-with dementia], 9.4 percent
[dementia-no cancer], and 10.9 percent [other]) due to hospitalizations occurring
near death after their last MDS was recorded. In all cases, the errors are among
those classified as ‘‘other’’ when using MDS alone moving into cancer or dementia,
and those classified as ‘‘dementia-no cancer’’ when using MDS alone moving into
cancer-with dementia.

6. The differences are even larger for the 31.6 percent (N 5 4,623) hospice patients
that were enrolled in hospice the entire last 30 days. Their rate was just 1.4 percent.

7. All risk ratios reported were calculated from the estimated OR using the correction
method of Zhang and Yu (1998).

8. Besides noticing that the 95 percent CI of hospice in the two models do not
intersect we also formally compared the two models using a Hausman test to check
the null hypothesis of no selection on observables bias (Angrist, Imbens, and Rubin
1996). The Hausman test statistic had a value of 106.3 (p-value o.0001) therefore
validating the need for controlling for selection bias. We also estimated a condi-
tional logistic regression (equivalent to a fixed effect model that allows a different
intercept for each NH) to check whether our NH adjustments were adequately
capturing the mean effect of the NH on hospitalization. The estimates for the
hospice and patient-level coefficient were almost identical to those reported on
Table 4.

9. We conducted some sensitivity analysis excluding the 15 cancer diagnoses with the
lowest average mortality rate (such as prostate, breast, bladder, and leukemia),
about 32 percent of all cancer diagnoses. The raw unadjusted hospice effect was
now (OR 0.50; [95 percent CI: 0.47, 0.54]) (compared with 0.45 [0.42, 0.48] in
Table 3), and using all covariates and the IPTW method yielded 0.59 (0.55, 0.64)
(compared with 0.56 [(0.53, 0.61] in Table 3 when using all cancer types).
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