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Objective. To characterize hospitals based on patterns of their combined financial
and clinical outcomes for heart failure hospitalizations longitudinally.
Data Source. Detailed cost and administrative data on hospitalizations for heart fail-
ure from 424 hospitals in the 2005–2011 Premier database.
Study Design. Using a mixture modeling approach, we identified groups of hospitals
with distinct joint trajectories of risk-standardized cost (RSC) per hospitalization and
risk-standardized in-hospital mortality rate (RSMR), and assessed hospital characteris-
tics associated with the distinct patterns using multinomial logistic regression.
Principal Findings. During 2005–2011, mean hospital RSC decreased from $12,003
to $10,782, while mean hospital RSMR declined from 3.9 to 3.2 percent. We identified
five distinct hospital patterns: highest cost and low mortality (3.2 percent of the hospi-
tals), high cost and low mortality (20.4 percent), medium cost and low mortality (34.6
percent), medium cost and high mortality (6.2 percent), and low cost and low mortality
(35.6 percent). Longer hospital stay and greater use of intensive care unit and surgical
procedures were associated with phenotypes with higher costs or greater mortality.
Conclusions. Hospitals vary substantially in the joint longitudinal patterns of cost and
mortality, suggesting marked difference in value of care. Understanding determinants
of the variation will inform strategies for improving the value of hospital care.
Key Words. Cost, mortality, value of care, trajectory, heart failure

Hospital care is the most expensive component of the national health expendi-
ture in the United States, totaling $814.0 billion in 2010 (Martin et al. 2012).
Hospital cost per inpatient stay averaged $9,700 in 2010, up from $6,700 in
1997 (Pfuntner, Wier, and Steiner 2013). These average estimates, however,
may obscure substantial differences among hospitals. Several recent studies
have highlighted hospital variation in health care spending that is not
explained by patient characteristics (Timbie and Normand 2008; Chen et al.
2010; Miller et al. 2011; Robinson 2011).
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While these findings may highlight opportunities for cost savings, lower-
ing costs could affect quality and result in unintended health consequences for
patients. To provide a perspective on the value of hospital care, identification
of hospital practice patterns requires combining cost and patient outcomes. In
addition, we should give attention to temporal trends in these outcomes to
gain a more comprehensive view of individual hospital performance and to
identify hospitals that perform consistently well over time.

Heart failure is an ideal condition to study when assessing value of hospi-
tal care. It is among the most common reasons for hospital admission, is asso-
ciated with considerable risk for morbidity and mortality, and has substantial
costs (Thomas and Rich 2007; Wier et al. 2011; Pfuntner, Wier, and Steiner
2013). There has been evidence of wide variation in hospital practices and use
of technologies for patients with heart failure, such as admission to intensive
care units (ICUs) and performance of percutaneous or surgical procedures,
with important implications for hospital costs and patient outcomes (Chen
et al. 2012; Safavi et al. 2013).

Borrowing the term “phenotype” from the genetics literature, which
characterizes the observable traits of an organism, we sought to identify hospi-
tal phenotypes featuring distinct patterns in value of care for heart failure hos-
pitalizations. Specifically, we classified hospitals on the basis of their
combined pattern of in-hospital cost and in-hospital mortality using data from
a large nationwide collaborative network of hospitals. We further examined
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how hospital structural and utilization characteristics were associated with spe-
cific phenotypes. In-hospital mortality is an important indicator of early suc-
cess in the treatment of patients with heart failure, is important to patients, and
has been shown to be a reasonable marker for hospital performance despite its
limitation in lack of a standardized follow-up time (Rosenthal et al. 2000;
Borzecki et al. 2010). Characterizing hospital phenotypes in value of care is
essential to identifying institutions that deliver high-quality care most effi-
ciently and understanding how they achieve that level of performance.

METHODS

Data Source and Sample Population

We used the Premier database maintained by Premier, Inc., Charlotte, NC.
The database contains administrative and operational data from a voluntary
network of hospitals in the United States and ancillary providers across the
country, representing more than 330 million discharges. Premier deidentified
patient data in accordance with the Health Insurance Portability and Account-
ability Act and assigned a random hospital identifier. The Yale University
Human Investigation Committee exempted this study protocol because it is
not considered Human Subjects Research as defined by the Office of Human
Research Protections.

We included in the study cohort all hospitalizations from January 1,
2005, through December 31, 2011, with a principal diagnosis of heart failure,
that is, International Classification of Diseases, Ninth Revision, Clinical Modi-
fication (ICD-9-CM) codes 402.x1, 404.x1, 404.x3, and 428.xx. We excluded
hospitalizations for patients who were younger than 18 years at the time of
admission or were transferred to/from another acute care facility; hospitaliza-
tions attended by pediatricians; and hospitalizations involving a left ventricu-
lar assist device (LVAD) implantation or heart transplant, as they were not
representative of the general heart failure population.

Patient and Hospital Characteristics

Patient characteristics available in the Premier database included age, sex,
race/ethnicity, and insurance status. We classified patient comorbidities based
on diagnosis codes in the hospital discharge file and the Healthcare Cost and
Utilization Project software according to methods described by Elixhauser
et al. (1998).
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Hospital characteristics included bed count, teaching status, Census
region, and population served (urban vs. rural). We constructed additional
measures of hospital characteristics using pooled data on each hospital’s heart
failure hospitalizations during 2005–2011. This included (1) the average
annual volume of heart failure hospitalizations; (2) the proportions of hospital-
izations that were covered by Medicare or Medicaid, were African American,
or had a cardiologist as the attending physician; (3) the median length of stay;
(4) the proportions of hospitalizations with admission to an ICU; and (5) the
proportion of hospitalizations involving any cardiovascular percutaneous or
surgical procedures (Appendix SA2) (Chen et al. 2012). Although we
excluded hospitalizations involving LVAD implantation or heart transplant,
we measured whether a hospital ever performed these procedures during the
study period as another hospital characteristic.

Measurement of Value in Hospital Care

We measured each hospital’s value of care by jointly characterizing its in-
hospital cost and mortality. For costs, we included all hospital costs during the
inpatient stay (excluding physician costs). Drawing on detailed accounting
cost data from participating hospitals, the Premier database contains a date-
stamped log of all billed items and related costs during hospitalizations (e.g.,
medications, laboratory, diagnostic, and therapeutic services). It has been
widely used in previous studies assessing costs of hospital care (Pasquali et al.
2011). To remove geographic variation in input prices, we first calculated a
standardized unit cost for each charge item in each year by dividing the total
cost for that item by its total quantities of utilization across all heart failure hos-
pitalizations in that year. We then applied these standardized unit costs to esti-
mate the cost of each hospitalization for the corresponding year based on the
quantity of each charge item used during the hospital stay (Lagu et al. 2013).
Hospital costs derived this waymore appropriately reflect variation in hospital
resource utilization. All cost estimates were adjusted to 2011 U.S. dollars using
the Centers for Medicare & Medicaid Services (CMS) Prospective Payment
System hospital input price index (Centers for Medicare and Medicaid Ser-
vices 2012). To reduce the influence of outliers, weWinsorized the data within
each year at the 0.5th and 99.5th percentiles (Dixon and Yuen 1974; Jha et al.
2009; Adams et al. 2010). We measured in-hospital mortality because patients
were deidentified in our database and we were not able to determine their vital
status after discharge.
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Statistical Analysis

We calculated risk-standardized cost (RSC) for each hospital-year by adjusting
for differences in patient case mix across hospitals and over time. We modeled
cost data using a hierarchical generalized linearmodel (HGLM) with a log link
and a Gamma distribution while adjusting for patient age and comorbidities,
and allowing for a random intercept for each hospital-year to account for the
rightly skewed cost data and the clustering of hospitalizations within each hos-
pital (Appendix SA3). We chose Gamma distribution and log link function
based on results from the modified Park test and Box–Cox test (Manning and
Mullahy 2001; Osborne 2010).

We calculated RSC for each hospital-year by dividing the sum of pre-
dicted costs across all heart failure hospitalizations in this hospital-year (condi-
tional on the hospital’s random effect) by the sum of expected costs across
these hospitalizations based on the HGLM model and then multiplying the
national average observed cost of all heart failure hospitalizations for the cor-
responding year. Likewise, we estimated the risk-standardized mortality rate
(RSMR) for each hospital-year using an HGLMwith a logit link and binomial
distribution. The model included a hospital-year random effect and adjust-
ment for patient age and comorbidities as described elsewhere (Krumholz
et al. 2006).

To identify hospital phenotypes in value of care, we applied a group-
based, semiparametric mixture modeling approach via a SAS macro PROC
TRAJ (Nagin 2005; Jones and Nagin 2007). Using longitudinal hospital-
level data on RSC and RSMR, this approach identified classes of hospitals
based on their combined trajectory pattern of in-hospital cost and mortality
over time. Each identified hospital phenotype was defined by a distinct
cost-mortality pattern, as featured by a unique pair of RSC and RSMR tra-
jectories. The model parameters (shapes of the trajectories in each pheno-
type and the size of each phenotype) were estimated via maximum
likelihood estimation (Appendix SA4). Both RSC and RSMR were best
modeled as a linear function of time, where time was measured as the num-
ber of years since 2005. We assessed models with different number of phe-
notypes and determined the optimal number of phenotypes based on
several criteria: the Bayesian Information Criteria index, average posterior
probability of phenotype, 95 percent confidence intervals (CIs) of adjacent
trajectories, and whether additional phenotypes identified in successive
models represent substantially distinct phenotypes or a mere subdivision of
major phenotypes already identified.
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We then examined the association of hospital phenotypes with var-
ious hospital characteristics via bivariate analyses and a multinomial
logistic regression model where the identified phenotypes were the
dependent variable and hospital characteristics were candidate explana-
tory variables. Covariates were selected into the model via stepwise
selection.

We included hospitalizations from all hospitals for the risk-adjustment
model and the calculation of hospital-level RSC and RSMR. However, to ade-
quately model hospitals’ longitudinal trajectories, we limited our phenotype
analysis to hospitals with at least 2 years of data. Hospitals with less than 25
heart failure hospitalizations in any of the 2 years were also excluded to pro-
vide more reliable estimates of hospital-level RSC and RSMR. When com-
pared with a sensitivity analysis, including all hospitals with any heart failure
hospitalization during the study period, there was no meaningful difference in
the results.

Several additional sensitivity analyses were conducted to test the robust-
ness of our findings. First, we estimated costs with and without adjustment for
patients’mortality status. The results showed no change in hospital phenotype
membership. Second, because some surgical procedures were associated with
high up-front costs but longer term benefits that could not be adequately cap-
tured in our in-hospital data, we performed a sensitivity analysis after exclud-
ing hospitalizations involving any cardiovascular percutaneous or surgical
procedures.

RESULTS

Trends in Cost and Mortality

We identified 921,747 hospitalizations for heart failure from 491 hospitals. Of
these, 424 hospitals had 25 or more hospitalizations for at least 2 years and
were included in our phenotype analysis (with a total of 909,788 heart failure
hospitalizations). These hospitals were mostly nonteaching, small to medium
size, and served urban populations (Table 1). Of the 424 hospitals, 397 (93.6
percent) had at least 3 years of data and 286 (67.5 percent) had data for all
7 years.

At the hospital level, RSC per heart failure hospitalization (after adjust-
ment for inflation and patient case mix) decreased over time (mean � SD:
$12,003 � 3,666 in 2005 vs. $10,782 � 2,603 in 2011) (Table 2). Mean
RSMR declined from 3.9 percent in 2005 to 3.2 percent in 2011 among the
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hospitals. Both RSC and RSMR differed by 4- to 7-fold across the hospitals in
each year; for example, in 2011, RSC ranged from $5,373 to $26,147, while
RSMR varied from 1.6 to 9.7 percent.

Hospital Phenotypes in Value of Care

We identified five distinct hospital phenotypes based on the RSC–RSMR joint
trajectories: (1) highest cost and low mortality (phenotype 1, n = 14 hospitals);
(2) high cost and low mortality (phenotype 2, n = 86 hospitals); (3) medium
cost and low mortality (phenotype 3, n = 147 hospitals); (4) medium cost and
high mortality (phenotype 4, n = 26 hospitals); and (5) low cost and low mor-
tality (phenotype 5, n = 151 hospitals).

Figure 1 shows the RSC and RSMR trajectories of each phenotype with
95 percent CIs. The average posterior probability of group membership, an
indicator of a model’s capacity to differentiate the phenotypes with higher
value indicating better model performance, was greater than 0.92 for each of
the phenotypes (Nagin 2005). The 95 percent CIs clearly distinguished the
five RSC trajectories and the high versus low RSMR trajectories. Hospitals in
phenotypes 2, 3, and 5 had comparable RSMR yet very distinct RSC, while
hospitals in phenotypes 3 and 4 had similar RSC, but very different RSMR.

Table 1: Sample Characteristics at the Hospital and Hospitalization Level

Characteristics
Hospital Level (N = 424) Hospitalization Level (N = 909,788)

n (%) n (%)

Bed size
<200 148 (34.9) 126,370 (13.9)
200–400 166 (39.2) 352,857 (38.8)
>400 110 (25.9) 430,561 (47.3)

Teaching hospital
Yes 115 (27.1) 343,399 (37.7)
No 309 (72.9) 566,389 (62.3)

Census region
Midwest 89 (21.0) 172,186 (18.9)
Northeast 70 (14.5) 183,189 (20.1)
South 180 (42.5) 422,124 (46.4)
West 85 (20.1) 132,289 (14.5)

Urban/rural population served
Urban 332 (78.3) 809,609 (89.0)
Rural 92 (21.7) 100,179 (11.0)
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Phenotype 1 exhibits high but decreasing RSC in conjunction with a low but
gradually ascending RSMR.

To minimize the potential confounding effect of any remaining patient
case mix differences across hospitals, we further examined the cost-mortality
trajectories of 103 urban teaching hospitals by phenotype. As urban teaching
hospitals tend to be large referral centers caring for sicker patients, they likely
have similar patient severity. We found that the variation across the pheno-
types in the average trajectory of RSC and RSMR among these hospitals lar-
gely mirrors that observed in the overall sample (Appendix SA5). Our
sensitivity analysis based on hospitalizations without cardiovascular percuta-
neous or surgical procedures revealed similar findings. Although the average
RSC was lower than that of the overall sample, the general pattern of hospital
variation persisted (Appendix SA6).

Figure 1: Distinct Hospital Phenotypes Identified by Jointly Modeling the
Longitudinal Trajectory of In-Hospital Risk-Standardized Cost (RSC) and
Risk-StandardizedMortality Rate (RSMR)

Dotted lines reflect confidence intervals for each trajectory, based on the 95 percent confidence
intervals of the point estimates in each year
Phenotype 1: Highest cost and low mortality (n = 14 hospitals, 3.2 percent of the hospitals
in sample)
Phenotype 2: High cost and low mortality (n = 86 hospitals, 20.4 percent of the hospitals in
sample)
Phenotype 3: Medium cost and low mortality (n = 147 hospitals, 34.6 percent of the hospitals
in sample)
Phenotype 4: Medium cost and high mortality (n = 26 hospitals, 6.2 percent of the hospitals in
sample)
Phenotype 5: Low cost and low mortality (n = 151 hospitals, 35.6 percent of the hospitals
in sample)
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Hospital Characteristics Associated with Phenotypes

In bivariate analysis, phenotypes with higher RSC were more likely to be
teaching hospitals, larger in size, serve urban populations, have a cardiologist
as the attending physician, and perform cardiovascular percutaneous and sur-
gical procedures compared with phenotypes with lower RSC (Appen-
dix SA7). Hospitals in phenotypes with higher RSC were also more likely to
perform LVAD or heart transplant, even though we excluded these hospital-
izations from our analysis. However, there is substantial overlap in other hos-
pital characteristics across the phenotypes. Rates of ICU admission did not
differ across the phenotypes in bivariate analysis. Although length of stay dif-
fered significantly across the phenotypes in general, pair-wise comparisons
showed no significant difference between some phenotypes (e.g., phenotypes
2 and 4 or phenotypes 1 and 3).

Because of potential confounding factors that may “artificially” suppress
or inflate significant association between particular hospital characteristics
and hospital phenotype group, we conducted multivariable regression analy-
sis to identify hospital characteristics that are independently associated with
phenotype group membership. The resulting multinomial logistic regression
analysis identified several attributes that were associated with a hospital’s like-
lihood of having a specific phenotype, including length of stay, ICU admis-
sion rate, and procedure rates (Table 3). A 1 percentage point increase in ICU
admission rate was associated with a 6–9 percent increase in the likelihood of
having phenotypes 1, 2, and 3, characteristic of higher RSC, relative to pheno-
type 5 (low cost and low mortality). A 1 percentage point increase in the rate
of cardiovascular percutaneous or surgical procedures was associated with a
1.18- to 2.09-fold increase in a hospital’s likelihood of having phenotypes with
higher RSC or RSMR, relative to phenotype 5. Likewise, each additional day
of hospital stay was associated with a 4.93- to 13.54-fold increase in a hospital’s
likelihood of having phenotypes 1, 2, 3, and 4.

DISCUSSION

Our study demonstrated a reduction in RSC among hospitalizations for heart
failure during 2005–2011 as well as decreasing RSMR over this period. More
important, across a large sample of hospitals, we observed marked heteroge-
neity in the value of hospital care for patients with heart failure. We identified
five distinct hospital phenotypes based on their combined cost and mortality

“Phenotyping”Hospital Value of Care 2009
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longitudinal outcomes. In particular, hospitals in phenotype 5 consistently
maintained low cost and low mortality over 7 years, exemplifying “positive
deviance” in value of care. Potential savings in health care costs and patient
lives can be substantial if all hospitals could achieve this level of performance.

To our knowledge, this is the first study describing longitudinal patterns in
hospitals’ combined financial and clinical outcomes. Combining cost and mor-
tality outcomes enabled us to evaluate the value of hospital care, which neither
cost nor mortality alone can achieve. It allowed us to identify clusters of hospi-
tals that achieve similar mortality outcomes but different costs, or comparable
costs but distinct mortality rates. Moreover, by studying hospital performance
longitudinally, we were able to benchmark hospitals based on both the level
and rate of change in the outcome of interest, and identify hospitals that demon-
strate consistent patterns or important changes in performance. For instance, a
decrease in RSC in phenotype 1 hospitals was accompanied by a gradually
increasing RSMR. Although we are not able to make causal inferences within
this study, the potential that an unintended health consequences of cost reduc-
tion has occurred warrants further investigation.

The linkages between various hospital attributes and the phenotypes
reveal behavior traits that distinguish “positive deviant” hospitals from other
hospitals. We found length of stay, ICU use, and procedure rates as key factors
associated with a hospital’s likelihood of having a particular cost-mortality
phenotype. Nevertheless, these factors may be intermediate outcomes influ-
enced by other hospital characteristics, rather than the root determinants for
performance variations. Such characteristics may include hospital discharge
policy, administrative/operational issues (e.g., difficulties in accessing rehabil-
itation facilities) (Hwabejire et al. 2013), and threshold for when to intervene
with invasive procedures or admit patients to the ICU. Due to lack of data,
existing studies rarely examined how hospitals differ in these operational prac-
tices. However, the limited evidence has suggested large variation in discharge
criteria across hospitals in various patient populations (Weiss and Annamalai
2003; Fiore et al. 2012). Future research conducting in-depth assessment of
practices at low cost and low mortality hospitals versus other hospitals may
help discern how they achieved the exceptional performance (Krumholz,
Curry, and Bradley 2011).

Prior studies have cautioned that hospitals were classified less favorably
when in-hospital rather than 30-day mortality was used, and that it could favor
hospitals with shorter length of stays (Rosenthal et al. 2000; Borzecki et al.
2010; Drye et al. 2012). Nonetheless, choice of the mortality measure rarely
changed a hospital’s classification from high outlier to low outlier, or vice
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versa (Rosenthal et al. 2000; Borzecki et al. 2010; Drye et al. 2012). Given the
magnitude of the difference in RSMRs between high- and low-mortality phe-
notypes observed in our study, it is unlikely that hospitals in the high-mortality
phenotype would shift to a low-mortality pattern if 30-day measures were
used. Moreover, high-mortality hospitals had lengths of stay that were compa-
rable to hospitals in one of the low-mortality phenotypes. We cannot attribute
their divergent mortality rate to length of stay alone. Future research with a
standardized observation period for both cost and mortality measures (e.g.,
30 days or 1 year postadmission) would help validate our findings and pro-
vide complementary data on hospital phenotypes in longer term outcomes. It
would also inform whether hospitals with higher costs achieve better long-
term outcomes even though their short-term outcomes are similar to those at
lower cost institutions.

The decreases in RSC and RSMR found in our study are consistent with
recent evidence of nationwide declines in hospital length of stay and in-hospi-
tal mortality for patients with heart failure (Chen et al. 2013). This may indi-
cate improved quality of care. In addition, because our analysis was based on
risk-standardized measures, the decreasing trend may partially reflect the
increased prevalence or coding of comorbidities in heart failure patients over
time. For example, a higher proportion of patients were found to have renal
failure or hypertension later in our study period. Similar trends have been
reported in other studies of hospitalizations for heart failure with evidence
supporting increased patient complexity rather than “upcoding” behaviors
(Heidenreich et al. 2010; Chen et al. 2013).

This study has several limitations. First, our findings may not be general-
izable to other hospitals in the United States, as the database only includes hos-
pitals that voluntarily participated in the Premier network. However, hospitals
in our sample exhibit a reasonable diversity of geographic location and char-
acteristics. Key patient characteristics in our sample, including patient age,
major comorbidities, length of stay, and in-hospital mortality rate, are also
comparable to those based on heart failure hospitalizations in the National
Inpatient Sample (Chen et al. 2013). Second, some studies suggested stratify-
ing risk-adjustment models for survivors and nonsurvivors when estimating
costs (Timbie and Normand 2008). We used a single model due to small sam-
ple size for nonsurvivors. Our sensitivity analysis showed no change in hospi-
tal phenotype membership when estimating costs with and without
adjustment for patients’ mortality status. Third, our risk-adjustment models
relied on patient case mix information from administrative data. This may
limit our ability to fully capture differences in patient severity among hospi-
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tals. It is possible that patients at hospitals with longer length of stay or higher
rate of ICU admission or cardiovascular surgical or percutaneous procedures
might have more severe heart failure that were not measurable with our data.
However, our earlier work of profiling hospital performance for CMS demon-
strated that administrative data can provide estimates that are similar to those
of models employingmuch richer clinical data (Krumholz et al. 2006; Keenan
et al. 2008). In addition, comparison of cost-mortality trajectories in urban
teaching hospitals and results from our sensitivity analysis based on nonproce-
dural admissions corroborate our main findings. Finally, we focused on in-
hospital mortality as our measure of patient outcome. Characterization of hos-
pital value of care may be affected by the specific outcome measures used.
Other outcome measures such as functional status and symptoms are
important for heart failure patients as well. Future studies incorporating these
measures will provide a more comprehensive view of hospital value of care
by allowing for a perspective on patients’ quality of life instead of just
survivorship.

Further research is needed to fully delineate hospital characteristics that
are associated with the different phenotypes. This approach will help discern
how some hospitals succeeded in maintaining low costs while delivering
excellent outcomes of care, and offer opportunities for broader application of
their successful experience to promote high value care.
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