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Empirically Derived Composite Measures of Surgical
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Background: Individual quality measures have significant limita-
tions for assessing surgical performance. Despite growing interest in
composite measures, empirically-based methods for combining mul-
tiple domains of surgical quality are not well established.
Objective: To develop and validate a composite measure of surgical
performance that best describes variation in hospital mortality rates
and forecasts future performance.
Research Design: Using the national Medicare claims database, we
identified all patients undergoing aortic valve replacement in 2000 to
2001 (n � 53,120). To serve as input variables, we identified
hospital-level predictors of mortality with aortic valve replacement,
including hospital volume, complication rates, and mortality with
other procedures. Hospital-specific predicted mortality rates were
then determined using Bayesian-derived modeling techniques and
assessed against subsequent hospital mortality (2002–2003).
Results: Our composite measure explained 78% of the variation in
aortic valve replacement mortality rates (2000–2001). The most
important input variables were hospital volume, mortality with
aortic valve replacement, and mortality for other high-risk cardiac
procedures. The composite measure forecasted 70% of future hos-
pital-level variation in mortality rates (2002–2003), and was sub-
stantially better in this regard than individual measures. Hospitals
scoring in the bottom quintile on the composite measure in 2000 to
2001 had 2-fold higher mortality rates in 2002 to 2003 than hospitals
in the top quintile (adjusted odds ratio, 1.97; 95% CI, 1.73–2.23).
Conclusions: Compared with individual surgical quality indicators,
empirically derived composite measures are superior in explaining
variation in hospital mortality rates and in forecasting future
performance. Such measures could be useful for public reporting,
value-based purchasing, or benchmarking for quality improve-
ment purposes.
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There is growing demand for better hospital quality indi-
cators for surgery. Patients, families, and referring phy-

sicians are looking for information about best hospitals for
selected procedures.1,2 Measures that best identify top per-
formers would be useful for clinical leaders and hospital
administrators looking for benchmarks to guide their quality
improvement efforts. Finally, payers and policy makers need
good measures for their public reporting and value-based
purchasing initiatives in surgery.3

Unfortunately, currently available quality indicators in
surgery, whether based on structure, process, or direct out-
come measures, all have significant limitations.1,4 For exam-
ple, hospital volume, the primary focus of many selective
referral initiatives, seems to be important for a relatively
small number of high-risk procedures and does not reliably
predict performance for individual hospitals. Process mea-
sures, the primary basis of new pay-for-performance plans
launched by the Center for Medicare and Medicaid Services,
often relate to secondary outcomes (eg, prophylactic antibi-
otics for surgical site infection) and often fail to explain
observed variations in hospital mortality rates.5,6 Finally,
because of sample size limitations, direct outcome measures,
like risk-adjusted morbidity and mortality, are often impre-
cisely estimated and do not yield a reliable estimate of
hospital performance for most procedures.7

Composite measures, which combine information from
multiple quality domains into a single summary measure,
have the potential to obviate many of these limitations asso-
ciated with individual quality indicators. Along with their
growing use in ambulatory and preventative care, composite
measures are becoming increasingly popular for assessing
surgical performance. For example, CMS’ pay-for-perfor-
mance plan for coronary artery bypass graft surgery is based
on a composite of 7 specific processes of care and outcome
measures.8 However, the validity of these new composite
measures has not been well established. Among other issues,
quality indicators are often combined without regard to their
relative impact on patient outcomes, or else weighted accord-
ing to expert opinion and consensus. Their superiority over
individual quality indicators in discriminating among hospi-
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tals or forecasting hospital performance has not been care-
fully assessed.

In this study, we describe the development of an em-
pirically-based composite measure for predicting operative
mortality for 1 procedure—aortic valve replacement. We
chose this procedure because it is relatively common, high-
risk, and currently targeted by at least 1 major value-based
purchasing initiative (the Leapfrog Group).9 We focus on
predicting operative mortality because it is the most com-
monly reported measure of hospital quality for this operation
(including publicly reported data for New York, Pennsylva-
nia, California, and New Jersey). Using national Medicare
data, we apply an empirical Bayes methodology for optimally
combining information from multiple quality domains, in-
cluding procedure volume and other structural variables,
procedure-specific morbidity and mortality, and hospital mor-
tality with other surgical procedures. The resulting composite
measure is the best prediction of the “true” risk-adjusted
mortality rate in each hospital. We then evaluate the utility of
this composite measure in explaining variation in hospital mor-
tality rates and in forecasting subsequent hospital performance.

METHODS

Data Source and Study Population
We used 100% national analytic files from the Center

for Medicare and Medicaid Services for years 2000 through
2003. MEDPAR files, which contain hospital discharge ab-
stracts for all fee-for-service acute care hospitalizations of all
US Medicare recipients, were used to create our main anal-
ysis datasets. The Medicare eligibility file was used to assess
patient vital status at 30 days. The 2000 Census files and 2000
American Hospital Association files were used for supple-
mental information on patient and hospital characteristics,
respectively, as described below.

Using appropriate procedure codes from the Interna-
tional Classification of Diseases, version 9 (ICD-9 codes), we
identified all patients aged 65 to 99 undergoing aortic valve
replacement. To minimize the potential for case-mix differ-
ences between hospitals, we excluded small patient sub-
groups with much higher baseline risks, including those with
procedure codes indicating that other operations were simul-
taneously performed. We also identified (with similar exclu-
sions) all patients undergoing 7 other relatively common
elective procedures: percutaneous coronary interventions,
coronary artery bypass surgery, mitral valve surgery, aortic
aneurysm repair, carotid endarterectomy, esophagectomy,
and pancreatic resection. These procedures were selected
because they represent a large proportion of hospital deaths
with elective surgery (either because they are very common
or associated with high mortality risks).

Individual Surgical Quality Indicators
As potential inputs for our composite measure, we

constructed hospital-level indicators from several different
domains of surgical quality including measures of hospital
structural characteristics (volume, teaching status, and nurse
staffing levels), and measures of mortality and nonfatal com-
plications for aortic valve replacement and each of the 7 other

procedures. These quality indicators were selected because
they can be assessed by available administrative data and
because they have been shown in previous studies to correlate
with operative mortality for many surgical procedures. In
preliminary analyses, we also considered other quality indi-
cators such as patient length of stay and more narrow defi-
nitions of nonfatal complications, but these indicators did not
correlate with operative mortality and the results are not
reported here.

Hospital procedure volume was assessed as the total
number of procedures performed by each hospital in Medi-
care beneficiaries during 2000 to 2001. We constructed 3
separate measures: volume for aortic valve replacement,
volume for all cardiac procedures (aortic and mitral valve
surgery, percutaneous coronary interventions, and coronary
artery bypass), and total volume for all 8 procedures. After
testing several transformations, we used the natural log of the
continuous volume variable for each operation in our analy-
ses. Hospital teaching status (membership in the Council of
Teaching Hospitals) and nurse ratios (Registered Nurse hours
per patient day) were assessed using data from the American
Hospital Association survey data from 2000.

Operative mortality was defined as death occurring
before discharge or within 30 days of surgery. Because of
the well-known limitations of ICD-9 coding for complica-
tions, we focus on a subset of complications from the
Complications Screening Project that have been demon-
strated to have good sensitivity and specificity for use with
surgical patients.10,11 The complications include pulmo-
nary failure, pneumonia, myocardial infarction, acute renal
failure, venous thrombosis, and postoperative hemorrhage.

We calculated risk-adjusted hospital mortality and non-
fatal complication rates for each procedure using standard
methods. For each operation, we determined the ratio of
actual deaths or complications to the number of expected
deaths (the O/E ratio). The number of expected deaths was
the sum over all patients of the predicted probability of death
or complications derived from a logistic regression model
estimated on all patients undergoing a given procedure. The
dependent variable in the logistic model was death or com-
plications and the independent variables were patient covari-
ates, which have been used to adjust for risk in previous
work.12 The patient characteristics included age, gender, race,
admission acuity, and coexisting diseases assessed using the
Elixhauser method.13 A zip code-level measure of socioeco-
nomic status was derived from data from the 2000 census.

Construction of the Composite Quality
Measure

Our composite measure is a generalization of the stan-
dard shrinkage estimator that places more weight on a hos-
pital’s own standardized mortality ratio when it is measured
reliably, but shrinks back toward the average mortality when
a hospital’s own mortality is measured with error (eg, for
hospitals with small numbers of patients undergoing the
procedure). Although the simple shrinkage estimator is a
weighted average of a single mortality measure of interest
and its mean (in our case, aortic valve replacement), our
composite measure is a weighted average of all available
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quality indicators—-the mortality and complication rates for
all procedures along with all of the observable hospital
structural characteristics (hospital volume, nurse-staffing ra-
tios, and teaching status) that are thought to be related to
patient outcomes.

The weight on each quality indicator is determined for
each hospital to minimize the expected mean squared predic-
tion error, using an empirical Bayes methodology outlined in
Morris14 (see the Technical Appendix for details, http://
links.lww.com/A659). Empirical Bayes methods and more
fully Bayesian hierarchical methods have been used previously
to form hospital quality measures.15,16 We use the empirical
Bayes method because it is computationally simpler than fully
Bayesian approaches, which allows the efficient use of large
numbers of hospitals and quality indicators.17,18

The weight placed on each quality indicator in our
composite measure depends on 2 factors. The first is the
hospital-level correlation of each quality indicator with the
mortality rate for aortic valve replacement. The strength of
these correlations indicates the extent to which other quality
indicators can be used to help predict mortality for aortic
valve replacement, which is the ultimate goal. To estimate
these hospital-level correlations, we first calculate the vari-
ance and covariance of the quality indicators, and then adjust
for sampling variability by subtracting the average variance
and covariance of the sampling error (averaged across hos-
pitals). This approach is motivated by a hierarchical model in
which the adjusted variance and covariance in the quality
indicators captures the underlying hospital-level variation in
quality of care across procedures net of any estimation error,
and has been used successfully to estimate the correlation
across quality measures in previous applications.19

The second factor affecting the weight placed on each
quality indicator is the reliability with which each indicator is
measured. The reliability of each quality indicator refers to the
proportion of the overall variance that is attributable to true
hospital-level variation in performance, as opposed to estimation
error in the indicator. As in the usual shrinkage estimator, less
weight is placed on quality indicators that are less reliable.
For example, in smaller hospitals less weight is placed on the
mortality and complication rates because they are less reli-
ably estimated (because they are estimated from smaller
samples of patients resulting in greater estimation error). We
estimate the reliability of the indicators for each procedure as
the ratio of the hospital-level variance to total variance in
each indicator. The hospital-level variance is adjusted for
sampling variability as discussed above. The total variance
(and therefore reliability) varies by hospital, and is the sum of
hospital-level variance and estimation error (which is larger
in hospitals with fewer patients). We assume that structural
characteristics of each hospital (such as volume) are not
estimated with error and, therefore, have reliability equal to 1.

The resulting composite measure of surgical mortality
has a number of attractive properties. First, it incorporates
information in a systematic way from many quality indicators
into the predictions of any 1 outcome. Moreover, if all of the
estimated parameters (the hospital-level correlations and re-
liability of individual indicators) were known with certainty,

the composite measure represents the optimal linear predictor
of each hospital’s true mortality rate, based on a mean
squared error criterion. Because these parameters are more
precisely estimated as the number of hospitals increases, the
composite estimates are asymptotically (in the number of
hospitals) the optimal linear predictor. Finally, these esti-
mates maintain many of the attractive aspects of fully Bayes-
ian approaches, while dramatically simplifying the complex-
ity of the estimation.

To determine the relative importance for our composite
measure, we calculated the correlation of each individual
quality indicator with the mortality rate for aortic valve
replacement, and calculated the average reliability of the
standardized mortality and complication ratios for each pro-
cedure. Although one could in principal construct composite
quality measures from every available quality indicator in our
analysis, limiting the analysis to those quality indicators that
are most likely to be strong predictors may improve the
out-of-sample forecast performance of the composite mea-
sure by limiting the number of parameters that must be
estimated. Finally, to summarize the importance of each quality
indicator, we constructed a simple empirical Bayes prediction of
mortality for aortic valve replacement that only depended on the
single indicator, and then calculated the amount of variation in
this prediction as a percentage of all hospital-level variation
(adjusted for sampling variation as discussed above). This is a
simple statistic, analogous to the R-squared from a regression,
which summarizes the ability of a given prediction to explain the
hospital-level variation in mortality for aortic valve replacement.
We also used this statistic to compare the predictive perfor-
mance of composite measures that incorporated various subsets
of the quality indicators.

Validation of the Composite Measure
To validate the composite measures, and to compare

the relative performance of various composite measures, we
assessed how well composite measures from 2000 to 2001
predicted subsequent hospital-level variation in mortality
rates for patients undergoing aortic valve replacement in 2002
to 2003. Hospitals were ranked according to the composite
measure from 2000 to 2001 and grouped into quintiles. We
then estimated random effect logistic models of mortality at
the patient level using data from the subsequent 2 years
(2002–2003), controlling for the same patient covariates as
before and including either the composite measure directly
(logged to better match the logistic specification) or including
indicators for the quintile in which the hospital was ranked. The
random effect logistic model allows for an unobserved hospital-
level component (the random effect), which captures any hos-
pital-level factors that were omitted from the model and system-
atically increases or decreases mortality for all patients in that
hospital. Inclusion of the random effect corrects the standard
errors for the resulting within-hospital correlation (clustering) in
patient outcomes and provides an estimate of the variance of
these unobserved differences across hospitals. We constructed
an R-squared statistic for the 2002 to 2003 forecast (analogous
to the statistic we used to evaluate the explanatory power of the
composites in the 2000–2001 estimation sample) equal to the
amount of variation being predicted by the composite measureas
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a percentage of all hospital-level variation (predicted variance
plus variance of the hospital random effect). Predicted variance
is the variance of �*ln(Composite), where � it the estimated
coefficient on the log of the composite from the random effect
logit model. We then evaluate the forecast performance using
the proportion of hospital-level variation in mortality in 2002 to
2003 that was explained by each composite measure, and using
the difference in mortality in 2002 to 2003 across quintiles of
each composite measure. All analyses were performed using
stataMP 10.0 (Stata-Corp, College Station, TX).

RESULTS
We first determined the relative importance of struc-

tural variables in explaining variation in the standardized
mortality ratio for aortic valve surgery (Table 1). In this and
all subsequent tables, we report estimates that were weighted
by the number of patients at each hospital. Hospital volume
with aortic valve surgery, hospital volume with all cardiac
procedures, and hospital volume with all major procedures
were all inversely related to operative mortality (Table 1).
Hospital volume with aortic valve replacement explained

19% of the hospital-level variation in mortality rates. Hospi-
tal volume with all cardiac procedures (10%) and all other
major procedures combined (6%) explained a smaller pro-
portion. Nurse staffing ratios and hospital teaching status
were not strongly correlated with mortality and did not
explain a significant proportion of observed mortality rates.

We next determined the importance of mortality and
complications with other, related procedures in explaining
variation in mortality with aortic valve surgery (Table 2). In
the first column of Table 2 we report the average reliability of
each measure across all hospitals doing aortic valve surgery.
Recall that hospitals with fewer patients will have less reli-
able measures and these measures will be less useful as
predictors (in the extreme, a hospital with no patients for a
given surgery has a useless measure with reliability of zero).
Several of the procedure-specific mortality rates demon-
strated high enough reliability to be useful as inputs to the
composite measures (ranged from 0.58 for percutaneous
coronary interventions to 0.09 for pancreatectomy).

The second column of Table 2 reports the hospital-level
correlation of each quality indicator with the mortality rate
for aortic valve replacement (adjusted for sampling variation
as discussed in the methods section). We found the strongest
correlation between the mortality rate for aortic valve surgery
and the mortality rate for other cardiac procedures, including
both coronary artery bypass (adjusted correlation coefficient,
0.83) and mitral valve surgery (adjusted correlation coefficient,
1.0). In other words, hospitals with low mortality rates with
aortic valve surgery also had low mortality rates for mitral valve
surgery and coronary bypass surgery. The correlation with other,
noncardiac operations was still significant but weaker (Table 2).

The final column of Table 2 reports the amount of
variation in aortic valve replacement mortality that was pre-
dicted by each measure (using a simple empirical Bayes
prediction), as a percentage of all hospital-level variation.
The amount of variation explained by each measure is ap-
proximately equal to the product of each measure’s reliability
and the square of its correlation with aortic valve replacement
mortality. Thus, measures with low reliability or correlation
explain little variation. The proportion of hospital-level variation

TABLE 1. Relationships Between Various Structural
Measures and Operative Mortality With AVR, Based on
National Medicare Data (2000–2001)

Structural Characteristic

Hospital-Level
Correlation With AVR
Mortality (O/E Ratio)

Predicted Variation
as a % of All
Hospital-Level

Variation in AVR
Mortality

Aortic valve replacement
hospital volume

�0.17 19%

All cardiac procedure
volume

�0.13 10%

All major procedure
volume

�0.10 6%

Member in Council of
Teaching Hospitals

�0.02 0%

Registered Nurse hours
per patient day

0.01 0%

TABLE 2. Relationships Between Various Outcome Measures and Operative Mortality With AVR, Based on
National Medicare Data (2000–2001)

Outcome Measure (O/E Ratio)
Average Reliability

of Measure

Hospital-Level Correlation
With AVR Mortality

(O/E Ratio)

Predicted Variation as a %
of All Hospital-Level

Variation in AVR Mortality

Mortality rates

Aortic valve replacement 0.34 1.00 35%

Coronary artery bypass grafting 0.55 0.83 39%

Mitral valve replacement 0.20 1.00 21%

Percutaneous coronary interventions 0.58 0.49 15%

Carotid endarterectomy 0.10 0.67 4%

Elective aortic aneurysm repair 0.21 0.33 2%

Esophagectomy 0.15 0.23 1%

Pancreatectomy 0.09 0.72 7%

Non-fatal complications following AVR* 0.62 0.32 7%

*Complication rates with other procedures accounted for less than 2% of nonrandom variation in AVR mortality and are not listed here.
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in aortic valve mortality explained was highest for coronary
artery bypass mortality (39%), aortic valve mortality (35%),
mitral valve mortality (21%), and percutaneous coronary
interventions (15%). For these procedures, mortality was
either strongly correlated with aortic valve mortality and/or
was measured reliably. The remaining procedures were either
unreliable or were weakly correlated with aortic valve mor-
tality and explained no more than 7% of the hospital-level
variation. Finally, nonfatal complication rates for aortic valve
replacement and for all other surgeries (not reported in the table)
were weak predictors, explaining no more than 7% of the
hospital variation in aortic valve mortality.

Table 3 shows a comparison of several combinations of
these inputs to create different composite scores. We com-
pared the ability of each composite to predict hospital-level
variation in aortic valve mortality both during the period
when the rankings were created (in-sample) and during the
subsequent 2 years (out-of-sample forecast). In model 1,
hospital volume with aortic valve surgery (alone) explained
19% of the variation in 2000 to 2001 but forecasted only 9% of
the variation in 2002 to 2003. In model 2, the risk-adjusted
mortality rate with aortic surgery explained 35% of the variation
in 2000 to 2001 and forecasted 32% of the variation in 2002 to
2003. In model 3, the combination of aortic valve mortality and
volume performed better than either measure alone, explaining
44% (2000–2001) and 34% (2002–2003) of the variation.
Model 4, the combination of aortic valve volume, aortic valve
mortality, and mortality and volume with other cardiac proce-
dures, seemed to be the most parsimonious model with the best
ability to predict future performance, explaining 78% (2000–
2001) and 70% (2002–2003) of the variation. Although models
5–7 added additional quality indicators to the composite mea-
sure and explained similar amounts of variation in 2000 to 2001,
their ability to predict subsequent performance was inferior to
the more parsimonious model 4.

The composite measure based on model 4 was also
superior to all other models in terms of forecasting future
mortality differences across the quintiles of previous perfor-

mance (Table 3, last column). For example, hospitals scoring in
the bottom quintile on the model 4 composite measure in 2000
to 2001 had 2-fold higher mortality rates in 2002 to 2003 than
hospitals in the top quintile (adjusted odds ratio, 1.97; 95% CI,
1.73–2.23). Figure 1 illustrates the superior ability of the com-
posite measure from model 4 to identify subsequent differences
in aortic valve mortality in 2002 to 2003, compared with aortic
valve replacement volume or mortality alone.

The composite measure based on model 4 obtained
improved predictive power by placing substantial weight on
risk-adjusted mortality rates from other cardiac procedures.
The composite measure for each hospital’s aortic valve re-
placement mortality was the sum of 5 terms. The first term
was the predicted mortality based on patient volume. The
remaining 4 terms were risk-adjusted mortality rates (after
removing the volume effect) for each cardiac related surgery,
with less weight placed on these measures in a hospital with
a small sample of patients. For an average hospital in our

TABLE 3. Ability of Various Composite Measures in Describing Variation in Hospital Mortality With AVR and in Forecasting
Subsequent Mortality

Components Included in Composite Measure

In-Sample
Prediction

(2000–2001)
Out-of-Sample Prediction

(2002–2003 Mortality)

Procedure Volume (2000–2001) Mortality (2000–2001)

AVR
Other Cardiac

Procedures
Other Major
Procedures AVR

Other Cardiac
Procedures

Other Major
Procedures

Predicted Variation
as a % of All
Hospital-Level

Variation in AVR
Mortality

Predicted Variation
as a % of All
Hospital-Level

Variation in AVR
Mortality

Adjusted Odds Ratio,
Best Vs. Worst

Hospital Quintile
(95% CI)

Model 1 X 19% 9% 1.32 (1.14–1.53)

Model 2 X 35% 32% 1.66 (1.45–1.91)

Model 3 X X 44% 34% 1.66 (1.45–1.91)

Model 4 X X X X 78% 70% 1.97 (1.73–2.23)

Model 5 X X X X X X 72% 66% 1.86 (1.64–2.12)

Model 6* X X X X X X 73% 66% 1.98 (1.74–2.25)

Model 7† X X X X X X 75% 62% 1.87 (1.65–2.13)

*Nursing staff, teaching status, and nonfatal complications were also included.
†
Model 6 plus complications for all of the other 7 procedures.
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FIGURE 1. Ability of various historical (2000–2001) quality
indicators to forecast subsequent (2002–2003) risk-adjusted
mortality with aortic valve replacement (AVR) Hospitals
sorted into quintiles according to hospital volume alone,
risk-adjusted mortality alone, and composite measure based
on AVR mortality, AVR hospital volume, and mortality and
volume with other cardiac procedures.
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sample, model 4 composites placed the most weight on
mortality in coronary artery bypass graft surgeries (0.29),
followed by aortic valve replacement (0.12), percutaneous
coronary interventions (0.10), and mitral valve replacement
(0.08). Without information on mortality in the other surger-
ies, model 3 composites placed more weight on mortality in
aortic valve replacement (0.27) but this resulted in less
accurate predictions as reported in Table 3.

DISCUSSION
Despite a growing need for reliable indicators of sur-

gical performance, little consensus exists on the optimal
measures for this purpose. The present study demonstrates
that an empirically derived composite measure offers several
advantages over existing approaches, and may be the best
approach for measuring surgical performance. The method
set forth in this manuscript uses empiric weighting techniques
to combine multiple domains of quality, and optimally uses
all available information for a given operation. For aortic
valve replacement, the composite measure (based on a com-
bination of operative mortality, hospital volume, and mortal-
ity and volume with other related operations) explained 78%
of hospital-level variation in aortic valve mortality rates. The
composite measure was also better at forecasting future
performance, with a nearly 2-fold difference between the best
and worst hospital quintiles in the subsequent 2 years.

The idea of combining multiple measures to create a
composite is not novel. Many existing pay-for-performance
efforts already employ composite measures of performance
for medical and surgical diagnoses.8,20,21 For example, the
Center for Medicare and Medicaid Services (CMS)/Premier
Hospital Quality Incentive Demonstration Project uses a
composite score for coronary artery bypass surgery. This
composite is a combination of 5 process variables and 3
outcome variables, which are simply weighted according to
the number of measures (5/8 weight to the process measures
and 3/8 to the outcome measures). Although the CMS/
Premier approach deals with the problem of multiple mea-
sures, this simple weighting strategy ignores the simple fact
that some measures may be more important than others. For
example, risk-adjusted mortality rates may be more important
than the appropriate timing of antibiotic prophylaxis. In
contrast to this approach, the empirically-based methods used
in our present paper weight the inputs according to how
reliable they are and how strongly they are related to the
outcome of interest.

The Society of Thoracic Surgeons (STS) has recently
developed a method similar to ours for measuring the quality
of coronary artery bypass surgery.20,21 The STS convened a
task force to select candidate measures and test several
approaches for creating a composite score of quality. The
STS method for creating a composite involves estimating
scores for each of 4 domains: mortality, morbidity, internal
mammary artery usage, and perioperative medications. Each
of these domain scores is then combined using “all or none”
weighting into a composite measure. At first glance, this
method appears quite different from ours. However, each of
the domain-specific scores is generated using a method anal-

ogous to that presented in the present study. The STS method
integrates information across multiple measures to optimally
predict the “true” rate for each domain, similar to our ap-
proach. However, there are 2 key differences. First, we use an
empirical Bayes approach while the STS methods are fully
Bayesian. Second, we do not perform the second step—
adding together multiple domains to create a “global” mea-
sure of quality. In our method, we assume that mortality is the
gold standard and empirically weight each input to optimally
predict this 1 domain. Despite the similarities in analytic
methods, this second step is the key distinction between our
method and those of the STS. The STS composite score is
designed to represent global quality (a latent construct) and
our measure is designed to optimally predict future risk-
adjusted mortality.

Although the application of empirically derived com-
posite measures to surgery is new, previous work has docu-
mented their use in medical populations. McClellan and
Staiger combined information on multiple outcomes (mortal-
ity rates at 30 days, 90 days, and 1 year; and readmission
rates) to measure quality for more than 200,000 Medicare
patients hospitalized for acute myocardial infarction.17 Using
composite measures, they were able to dramatically improve
the consistency of quality rankings from year to year and
were able to accurately forecast large differences in subse-
quent mortality.17 However, in this previous work, McClellan
et al focused only on mortality outcomes assessed at different
time points. In the present article, we also combined infor-
mation from other domains (eg, hospital volume) to improve
the predictive accuracy of our composite measure.

In addition to combining conventional measures al-
ready in use, such as mortality rates and hospital volume, we
demonstrate the value of adding information that is often
overlooked—outcomes for other, related procedures. Previ-
ous studies have shown that mortality rates are correlated at
the hospital level, especially for cardiac surgery.22 In creating
the composite measure for aortic valve replacement, we
combined information on mortality for coronary artery by-
pass surgery, mitral valve surgery, and percutaneous coronary
interventions. We have shown that adding this previously
overlooked source of information improves predictive ability
and contributes to explaining the observed hospital-level
variation in mortality rates.

In contrast, we found that information on postoperative
complications did not improve predictive ability. Others have
also found a low correlation between morbidity and mortality
rankings.22,23 This may be because of poor accuracy of
administrative data in ascertaining which patients had com-
plications, despite our focus on complications with demon-
strated accuracy for use with surgical patients.10,11 The lack
of value of adding complications may also suggest, as some
previous studies have found, that failure to rescue from
complications rather than complications themselves are more
strongly correlated with mortality.23

Rather than choosing input measures on previous evi-
dence or expert opinion, we treated all inputs (including
mortality with other seemingly unrelated operations) as po-
tentially valid indicators of the construct being measured.
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This is a novel aspect of our article—we incorporate previ-
ously overlooked sources of quality information. In some
ways, mortality with other operations could be a more valid
indicator for aortic valve surgery than certain processes of
care that turn out to be unrelated to outcomes. For example,
mortality with other operations may pertain to the general
strength of the surgical department or the quality of postop-
erative nursing care. A valuable aspect of our composite
method is the explicit consideration of how each input mea-
sure relates to the “gold standard” quality measure—risk-
adjusted mortality—-rather than assuming these relationships
a priori.

However, there are potential limitations of this ap-
proach to creating composite measures. The weights placed
on each component reflect its importance in predicting an
operative mortality. We focus on predicting operative mor-
tality because it is the most commonly reported measure of
hospital quality for this operation (including publicly reported
data for New York, Pennsylvania, California, and New Jer-
sey). More generally, it may be appropriate to construct a
composite measure that predicts other domains of quality
with this operation, such as long-term survival and quality of
life. Unfortunately, the inputs for such a measure are not
widely available. However, the methods set forth in this
article would apply to any gold standard measure if the
appropriate input variables were available.

We acknowledge several additional limitations to the
current study, most of which relate to our use of claims data.
It is well known that claims data do not have the detailed
clinical data necessary for optimal case-mix adjustment. This
problem is not unique to our composite measure and is a
problem with any attempt to use claims data to profile
hospitals. If differences in case-mix across hospitals are
systematic (eg, certain hospitals consistently treat sicker pa-
tients), our ability to forecast future performance would have
been overestimated. Although it is impossible to know
whether differences in unobserved case-mix are random or
systematic, we tried to minimize this bias by limiting the
cohort to a homogenous group of patients undergoing the
same operation. In terms of the variables available in claims
data, patient severity did not vary systematically across hos-
pitals in our cohort. For example, expected mortality was
7.5% in the highest mortality hospitals and 7.4% in the lowest
mortality hospitals. Correspondingly, when we estimated our
composite measure with and without controlling for the
Elixhauser comorbidity variables, the resulting composite
measures were almost identical (correlation � 0.96). Thus,
although the comorbidity variables are highly significant at
the patient level, they are unrelated to hospital performance in
our cohort and controlling for them does not substantively
alter our estimates of hospital performance. It is not known
whether a more detailed assessment of patient characteristics
would alter these findings.

The use of administrative data also limits the available
inputs to our composite measure. If a richer source of data
were used, other domains of quality, including clinical pro-
cess measures, could be considered. For example, preopera-
tive �-blocker use, and the appropriate selection and timing

of antibiotics are all used as quality measures for aortic valve
replacement.24 More detailed data sources would also provide
other outcomes measures, including more accurate nonfatal
clinical outcomes, which could be used as inputs to a com-
posite measure. It is possible that these process measures and
more detailed nonfatal outcomes would account for some of
the unexplained systematic variation in mortality and im-
prove the predictive ability of our measure.

Some may also view our focus on a single operation as
a limitation. In some ways, aortic valve replacement is the
ideal operation for illustrating the advantages of composite
measures. Largely, this is because there are no good stand-
alone quality measures for this operation. Caseloads at indi-
vidual hospitals can be low with this procedure, making
mortality rates too “noisy” to be useful. Hospital volume is
related to mortality but the relationship is not as strong as
with other procedures. In contrast, for other procedures, the
composite approach may have smaller incremental benefits
over individual quality indicators. For coronary artery bypass,
the caseloads at individual hospitals are large enough to use
mortality as a reliable measure. For esophageal resection,
hospital volume is strongly related to mortality and can be
used as a good proxy measure of quality. Although the
relative advantages are not as great for these operations, the
composite approach will be at least as good, and most likely
better, than the best available individual quality indicator.

The composite measures outlined in this article will be
useful for many purposes. Because they are more reliable at
discriminating hospital performance than existing measures,
they will be useful for benchmarking performance for quality
improvement. For example, these composite measures can be
used to identify high and low performing hospitals. A stan-
dardized instrument could be developed and used to review
the medical charts at these hospitals to identify whether
certain evidence-based processes of care were used. By com-
paring the relative use of these processes of care at high and
low performing hospitals, we will be able to understand the
mechanisms that explain variation in performance. After
these processes are identified, this knowledge can be dissem-
inated with the aim of incrementally improving care at all
hospitals.

Perhaps the most obvious use for composite measures
is for steering patients towards the best hospitals, through
either public reporting or payer-led selective contracting. We
validated our measure by showing that it predicted subse-
quent outcomes, which is exactly what consumers and payers
want to know. With the several year lag in most hospital
report cards, any useful measure must be a valid predictor of
future performance. With the ongoing proliferation of pay-
for-performance initiatives, the demand for reliable summary
measures of performance continues to grow. The empirically
derived composite measures outlined in the paper could help
meet this demand.
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