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Estimating a Composite Measure of Hospital Quality From
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Background: A single composite measure calculated from individual quality indicators (QIs) is a useful measure of hospital performance and can be justified conceptually even when the indicators
are not highly correlated with one another.
Objective: To compare 2 basic approaches for calculating a composite measure: an extension of the most widely-used approach,
which weights individual indicators based on the number of people
eligible for the indicator (referred to as denominator-based weights,
DBWs), and a Bayesian hierarchical latent variable model (BLVM).
Methods: Using data for 15 QIs from 3275 hospitals in the Hospital
Compare database, we calculated hospital ranks using several versions of DBWs and 2 BLVMs. Estimates in 1 BLVM were driven by
differences in variances of the QIs (BLVM1) and estimates in the
other by differences in the signal-to-noise ratios of the QIs
(BLVM2).
Results: There was a high correlation in ranks among all of the DBW
approaches and between those approaches and BLVM1. However, a
high correlation does not necessarily mean that the same hospitals were
ranked in the top or bottom quality deciles. In general, large hospitals
were ranked in higher quality deciles by all of the approaches, though
the effect was most apparent using BLVM2.
Conclusions: Both conceptually and practically, hospital-specific
DBWs are a reasonable approach for calculating a composite measure. However, this approach fails to take into account differences in
the reliability of estimates from hospitals of different sizes, a big
advantage of the Bayesian models.
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purred by the Institute of Medicine,1 the field of quality
measurement has been growing rapidly. A number of consortia,2 states,3,4 and the federal government5 publish reports on
provider quality. One of the most prominent of these organizations is the Hospital Quality Alliance (HQA), a consortium of
government agencies and private groups. As a result of their
involvement in HQA, most US acute care hospitals submit data
to the Centers for Medicare and Medicaid Services (CMS) on
the level of adherence to a number of evidence-based process
measures. These process measures are considered to be quality
indicators (QIs). They are publicly available on the Hospital
Compare website created by CMS and HQA.
Studies have shown the value of individual QIs, particularly when publicly reported, in stimulating quality improvement.6 –12 Individual indicators are often combined to
derive an aggregate or composite measure of quality for a
condition.13–16 However, the value of aggregating individual
indicators across conditions to develop an overall measure of
hospital quality is less clear, particularly if correlations across
conditions are relatively low.14 In what follows, we justify a
single composite measure 2 ways: (1) based on the reasonableness of such a measure from an organizational perspective; and (2) based on the literature about the nature of
constructs derived from individual variables.
The vision of a high reliability organization17–20 is
influencing health care. An example of this is the Pursuing
Perfection program, whose goal was to “push quality improvement in health care to a brand new level by creating models of
excellence at a select number of provider organizations that
would redesign all of their major care processes.”21 This level of
improvement requires organizational transformation.22,23 A
hospital-wide measure of quality is a useful summary of
progress along the road to this type of change. It reflects the
extent to which top management has created a culture of
quality and set of processes to ensure quality that have spread
throughout the hospital. It helps to keep top managers focused on the “big picture” and offers a metric that can be used
to monitor and compare performance across hospitals.
To provide an analogy, consider the measurement of
financial performance. The single most important measure of an
organization’s financial performance is generally its profit mar-
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gin. Although there is no doubt about the value of measuring
profit margins for organizational subunits, there is equally no
doubt about the value of aggregating subunits’ margins into a
composite organization-wide profit margin. From the perspective of top managers, who are responsible for overall organizational performance, attention first must be directed toward the
organization’s overall profit margin and then toward margins of
subunits. Moreover, in studies of comparative organizational
performance, an organization’s overall profit margin is almost
invariably the major measure used. Even if there were well done
studies that showed little correlation in profit margins of organizational subunits (eg, clinical services) across a large number of
similar organizations (eg, hospitals), it is unlikely that this would
detract from interest in over-all profit margins. We believe that if
quality is to assume the same level of importance as finances, the
field needs bottom-line measures of quality performance comparable to bottom-line measures of financial performance.
The creation of a single composite measure of quality,
irrespective of correlation among components of the measure,
finds justification in the literature on the relation between constructs and measures. “In this literature, constructs are usually
viewed as causes of measures, meaning that variation in a
construct leads to variation in its measures. Such measures are
termed reflective because they represent reflections, or manifestations, of a construct . . .. In some situations, measures are
viewed as causes of constructs. Such measures are termed
formative, meaning the construct is formed or induced by its
measures. Formative measures are commonly used for constructs conceived as composites of specific component variables . . ..”24 As discussed by Dijkers et al,25 Feinstein26 brought
this distinction to medicine, coining the term “clinimetrics.”
Clinicians often are interested in measuring a construct that
combines multiple dimensions into a single score. The Apgar
score, which combines 5 factors not correlated with each other
into a single measure of newborn survivability, is a good
example of a widely used formative score in medicine.
A single composite measure of quality would greatly
facilitate implementation of pay-for-performance programs and
value-based purchasing.27,28 A number of different approaches
for developing a composite measure of provider performance
have been studied.29 –33 None, however, has been used to develop a single composite from the Hospital Compare QIs. In
addition, a potentially valuable approach that has not been
widely used but which has some advantages over existing
approaches is a Bayesian hierarchical latent variable model
(BLVM).34 In this article, we describe 2 Bayesian models for
estimating overall hospital performance from individual QIs,
compare estimates of hospital performance from the models to
estimates using the approach recommended by CMS for combining individual QIs into condition-specific measures, and discuss reasons for the differences in how hospitals are ranked.

METHODS
Data
We downloaded data from the CMS website35 after the
September 2006 update (which contained data for calendar
year 2005) on QIs associated with acute myocardial infarc© 2008 Lippincott Williams & Wilkins
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tion (AMI), congestive heart failure and pneumonia (see
Appendix 1 for the indicators).

Current Approach for Developing Composite
Measures
For each QI, the number of people eligible for the
intervention reflected by the QI (denominator) and the number who receive the intervention (numerator) are known. The
approach recommended by CMS for aggregating QIs within
condition is to sum the numerators, sum the denominators,
and then calculate the ratio of summed numerators to
summed denominators.36 This is equivalent to calculating a
weighted average of the proportion eligible (ie, meet the
medical criteria) for the QI who receive the intervention,
where the weight applied to an indicator is the ratio of the
number eligible for the indicator to the sum of the number
eligible for all indicators (Appendix 2). We denote this
approach, which uses denominator-based weights, as DBW.
We consider several variations of this approach: (1) that
recommended by CMS, which uses the number of cases at
each hospital to derive hospital-specific denominator-based
weights (DBWhs); (2) that recommended as one of the
options by the Agency for Healthcare Research and Quality
for deriving a composite measure from the Patient Safety
Indicators, which sums the denominators across all the hospitals and calculates 1 set of denominator-based weights from
this aggregation (DBWall)37; and (3) calculating separate
DBW for large (400 or more beds), medium (100 –399 beds),
and small (25–99 beds) hospitals (DBWsize).

Shrinkage Estimators
Traditionally, methods for estimating a mean of an
individual unit have been based on data from that particular
unit. In an excellent nontechnical article, Efron and Morris38
justify an alternative approach to estimation in which estimates about a unit are based on both data from that unit and
on data from some larger set of units of which the particular
unit is a member. For example, a provider’s “true” performance on a particular QI might be estimated as a weighted
average of the provider’s observed performance on that
indicator and the performance of all providers on that indicator (ie, the estimate of the provider’s performance is
“pulled” or “shrunken” toward the overall performance level
based on data from all providers). The amount of shrinkage
depends both on the reliability of observed performance by
that provider, which to a large extent is a function of sample
size, and on how far the provider’s observed performance is
from the performance level of all providers. A number of
articles discuss and illustrate the value of these types of
shrinkage estimators.39 – 46 Hierarchical models generalize the
idea of shrinkage and provide a comprehensive framework
for examining clustered data. The nature of shrinkage occurring in these models is more complex than in the simple
situation illustrated above, but the fundamental principle of
basing estimates for an individual unit on data from that unit
and from some wider set of units is the same. Bayesian
hierarchical models are distinguished primarily by the way in
which parameters are estimated.
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Two Bayesian Hierarchical Latent Variable
Models for Estimating a Composite Measure
of Quality
The first model we consider is similar to Landrum et al.34
We assume that there is an unobserved latent measure of quality
at each hospital, which we denote by h, where h indexes
hospitals. We assume h is normally distributed with mean 0 and
variance 1 (ie, h ⬃ N共0,1兲. Let tqh be the unobserved “true”
level of performance on QI q at hospital h. We assume:
logit(tqh)兩aq0 , aq1 , h ⫽ aq0 ⫹ aq1 h .
aq0 is a scaling factor that reflects differences in baseline
values of the indicators. aq1 reflects the strength of the relationship between a specific indicator q and the latent measure
of quality h. To complete the model, let dqh ⫽ the number of
patients who receive indicator q at hospital h and nqh be the
number of eligible patients for the indicator. We assume
dqh 兩tqh ⬃ binomial共tqh , nqh 兲. This model differs from Landrum
et al because, for analytical convenience, we use a logit
function to link tqh to h rather than a probit function. This
difference has no effect on estimates of hospital performance.
The above model assumes that all of the variation in tqh
is due to variation in h. We also consider an extension of this
model, specifically,
logit(tqh )兩aq0 , aq1 , h , sq2 ⬃ N共aq0 ⫹ aq1 h , sq2 兲.
In this model, sq reflects random variation in logit (tqh) that is
not due to its relationship to h. We refer to the first Bayesian
latent variable model as BLVM1 and the second as BLVM2.
The key driver in BLVM1 is aq1. To a large extent,
differences in the aq1s reflect differences in variation of the QIs
across hospitals. The key driver in BLVM2 is the ratio aq1/sq.
This is a signal-to-noise ratio that reflects the extent to which
indicator q is correlated with the underlying latent variable.
To estimate model parameters, we used Gibbs sampling
as implemented in WinBUGs.47 This Markov Chain Monte
Carlo estimation method generates samples of model parameters from the posterior distribution of the parameters, given
the data and prior distributions of the parameters. We placed
“flat” priors on the parameters, so the posterior distributions
are driven by the data. We used as point estimates of the
parameters the average of the values from the Gibbs samples.

To calculate a composite score from the weighted average of the
observed adherence percentages, BEW1 uses the aq1s as weights
and BEW2 uses the aq1/sq ratios.
To examine the effect of each approach on estimates of
quality for large, medium, and small hospitals, we analyzed
the distribution of large, medium, and small hospitals across
quality score deciles. We then examined the weights associated with each approach to understand why the different
approaches resulted in different quality rankings for the large,
medium, and small hospitals. Ranks based on the Bayesian
models reflect both the model-implied weights and shrinkage.
By comparing ranks from the Bayesian model to ranks when
just using model-implied weights, we illustrate shrinkage in
the Bayesian model estimates.

RESULTS
Table 1 shows the correlation of hospital ranks based
on the different approaches. Most noticeable are the high
correlations among ranks from the DBW approaches and the
high correlation of these ranks with those from the 2 approaches based on Bayesian model 1 (ie, one just using the
BEW1 and the other the full model (BLVM1)). Correlations
are lower with the ranks from the 2 approaches based on
Bayesian model 2 (ie, BEW2 and BLVM2).
A high correlation does not necessarily mean that the
same hospitals are ranked in the extreme deciles (Table 2).
The correlation between DBWhs ranks and BLVM1 ranks is
0.92. Nevertheless, only about 81% of hospitals ranked in the
top decile by 1 method are ranked in the top decile by the
other. However, most of the hospitals ranked differently are
ranked only 1 decile lower. The correlation between DBWhs
ranks and BLVM2 ranks is 0.77. As shown in Part B of Table
2, in this case only about 52% of hospitals ranked in the top
decile by 1 method are ranked in the top decile by the other.
Roughly half of those classified differently are classified
more than 1 decile away.
Table 3 shows the distribution of large, medium, and
small hospitals across quality deciles when different ap-

TABLE 1. Correlation of Ranks Calculated Using the
Different Approaches
Approach Used to Calculate Ranks
DBWhs DBWall DBWsize BLVM1 BEW1 BLVM2 BEW2

Analysis
We fit the Bayesian models to 3275 hospitals on the
Hospital Compare database that had 25 or more beds. However,
in the results presented, we eliminated 64 hospitals where the
sum of the denominators was less than 100. We examined the
correlation of hospital ranks based on a composite measure
calculated using the following approaches: the 3 denominatorbased approaches (DBWhs, DBWall, DBWsize); 2 Bayesian
approaches (BLVM1 and BLVM2); and 2 approaches that use
weights derived from the Bayesian models. The Bayesian models do not estimate a set of weights comparable to the DBW.
However, the model formulations imply a reasonable set
of weights: for BLVM1, the aq1s, and for BLVM2, the aq1/sq
ratios. We refer to these as Bayesian-estimated weights (BEWs).
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DBWhs
DBWall
DBWsize
BLVM1
BEW1
BLVM2
BEW2

1.00
0.94
0.95
0.92
0.89
0.77
0.78

0.94
1.00
0.99
0.90
0.94
0.81
0.87

0.95
0.99
1.00
0.91
0.93
0.79
0.83

0.92
0.90
0.91
1.00
0.87
0.73
0.71

0.89
0.94
0.93
0.87
1.00
0.73
0.82

0.77
0.81
0.79
0.73
0.73
1.00
0.89

0.78
0.87
0.83
0.71
0.82
0.89
1.00

DBWhs indicates hospital-specific denominator-based weights; DBWall, all-hospital denominator-based weights, which are derived from an aggregation of cases across
all hospitals; DBWsize, size-specific denominator-based weights, which are derived
from an aggregation of cases of large, medium and small hospitals; BLVM1, Bayesian
latent variable model 1; BEW1, Bayesian-estimated weights implied by Bayes latent
variable model 1; BLVM2, Bayesian latent variable model 2; BEW2, Bayesianestimated weights implied by Bayes latent variable model 2.
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TABLE 2. Percent of Cases in Top and Bottom Deciles
Using the Different Approaches to Calculate Ranks
Part B†
DBWhs Deciles: Columns
BLVM2 Deciles: Rows

Part A*
DBWhs Deciles: Columns
BLVM1 Deciles: Rows
Top Deciles
1
2
No. cases in decile
Bottom Deciles
9
10
No. cases in decile

TABLE 3. Percent of Cases in Each Quality Decile by
Hospital Size and Approach Used to Calculate Ranks

1

2

Top Deciles

1

2

81.1
15.9
321

18.3
46.4
321

1
2

51.9
25.5
322

20.2
26.2
321

Bottom Deciles

9

9
10

28.4
19.3
321

9
45.2
19.3
321

10
22.1
74.5
321

10
24.0
59.5
321

*Hospital-specific denominator-based weights (DBWhs) and Bayesian latent variable model 1 (BLMV1).
†
Hospital-specific denominator-based weights (DBWhs) and Bayesian Latent Variable Model 2 (BLMV2).

proaches are used for ranking. The most consistent finding is
that large hospitals tend to be ranked in higher deciles and
small hospitals in lower deciles. Using size-specific DBWs
rather than hospital-specific weights has little impact on the
distributions. It is interesting, however, that the use of 1 set of
DBWs (DBWall) helps the small hospitals somewhat at the
expense of the large hospitals (9.6% of small hospitals are
classified in the top decile versus 6.8% of large hospitals).
The BLVM1 also helps the small hospitals at the expense of
the large hospitals. BLVM2, however, does the opposite,
helping the large hospitals at the expense of the small hospitals (16.2% of large hospitals are in the top decile versus
only 4.9% of small hospitals).
Table 4, Part A shows the DBWall and DBWsize
weights. At larger hospitals, a higher percentage of all
cases are eligible for the AMI QIs (measures 1– 6) and at
smaller hospitals a larger percentage are eligible for the
pneumonia QIs (measures 11–15). The sixth column shows
the average percent adherence to each QI. In the last row
of that column is the average of the individual QI adherence percents, which shows that across all hospitals and
QIs, 78.9% of eligible cases received the QI intervention.
The last row of columns 7 through 9 shows the overall average
percent adherence by hospital size. The cells in these columns
show the ratio of percent adherence to the QI to the average
overall percent adherence. Thus, for example, the percent adherence to QI1 in large hospitals is 81.6 ⫻ 1.17 ⫽ 95.5. Of
particular interest, small hospitals do relatively better (compared
to the other size categories) on pneumonia QIs and large hospitals do relatively better on AMI QIs.
Table 4, part B shows BEW1 and BEW2 weights. In
general, those measures with larger variances have larger
BEW1 weights (as seen with measures 6 and 9, and to a
lesser extent with measures 10, 12, and 15). However, as
shown with measure 3 (as seen in Part A, DBWall, only
0.8% of all eligible cases are eligible for this measure), this
relationship is mitigated somewhat by the prevalence of
© 2008 Lippincott Williams & Wilkins

Decile
Large hospitals
1
2
3
4
5
6
7
8
9
10
Medium hospitals
1
2
3
4
5
6
7
8
9
10
Small hospitals
1
2
3
4
5
6
7
8
9
10

DBWhs

DBWsize

DBWall

BLVM1

BLVM2

11.3
13.9
13.2
16.5
12.8
9.8
7.1
7.5
4.5
3.4

11.7
12.8
14.3
15.8
13.9
13.9
5.6
4.9
4.9
2.3

6.8
10.9
12.4
11.7
15.4
16.5
9.8
7.1
6.4
3.0

8.6
9.4
13.2
10.2
14.7
11.7
14.7
8.3
6.0
3.4

16.2
18.4
15.8
14.3
11.3
14.3
7.1
0.8
1.5
0.4

11.2
10.6
10.7
10.4
10.5
10.3
10.2
9.8
9.0
7.3

10.9
11.1
10.4
10.5
10.4
10.3
10.3
9.6
9.6
6.9

10.7
11.4
10.8
11.4
10.4
9.8
10.6
9.2
9.4
6.4

10.4
10.8
10.3
11.7
10.1
9.5
10.0
10.2
9.8
7.1

12.0
11.7
11.9
11.1
11.7
10.5
9.0
9.5
7.2
5.3

7.7
7.9
7.9
7.6
8.5
9.5
10.4
10.9
13.2
16.5

8.1
7.3
8.2
7.6
8.3
8.5
10.5
12.0
12.1
17.5

9.6
7.3
7.9
7.1
8.0
8.7
9.0
12.2
12.1
18.1

9.7
8.7
8.7
6.8
8.5
10.5
8.7
10.1
11.3
16.8

4.9
4.8
5.0
6.9
6.6
8.0
12.5
13.3
17.1
20.8

the QI. Column 5 shows shared common variance of each
QI (calculated as the R2 from a model that predicts the QI
percent adherence from all of the other QI percent adherences). In general, those measures with greater shared
variance receive higher BEW2 weights (measures 1, 2, 4,
and 5). Though measures 10 and 15 appear to have high
shared variance, this results from the fact that these are the
same QI (counseling in smoking cessation), but for different conditions. The important point to note is that BEW1
weights the pneumonia QIs relatively highly whereas
BEW2 weights the AMI QIs relatively highly. Because
large hospitals have a higher proportion of AMI cases and
smaller hospitals a higher proportion of pneumonia cases,
BEW2 and BLVM2 estimates of quality are relatively
higher in the larger hospitals and BEW1 and BLVM1
estimates relatively higher in smaller hospitals.
In Table 5, we illustrate shrinkage. Hospitals are stratified into quintiles using the BEWs (a1 for model 1 and a1/s
for model 2). The cells of the table in columns 2 and 3 show
for hospitals in that decile the average of the following

781

Medical Care • Volume 46, Number 8, August 2008

Shwartz et al

TABLE 4. Denominator-Based Weights (A) and Bayesian-Estimated Weights (B)
Part A: Denominator-Based Weights and Adherence Percentages
Denominator-Based Weights
QI

DBWall

DBWlarge

1
0.061
2
0.066
3
0.008
4
0.067
5
0.051
6
0.021
7
0.139
8
0.027
9
0.102
10
0.022
11
0.130
12
0.078
13
0.107
14
0.094
15
0.026
Overall average adherence (%)

0.066
0.095
0.013
0.098
0.054
0.034
0.139
0.033
0.103
0.025
0.100
0.058
0.083
0.075
0.022

Relative Adherence

DBWmed

DBWsmall

Average Adherence (%)

Large

Medium

Small

0.062
0.064
0.008
0.065
0.052
0.020
0.141
0.026
0.104
0.021
0.129
0.078
0.107
0.096
0.026

0.043
0.028
0.004
0.029
0.038
0.006
0.131
0.020
0.087
0.017
0.184
0.115
0.147
0.117
0.035

92.1
88.6
80.1
87.7
86.2
78.5
83.3
79.9
52.1
73.9
98.7
54.2
74.9
82.1
71.3
78.9

1.17
1.17
1.03
1.16
1.13
1.08
1.14
1.01
0.66
0.95
1.22
0.61
0.82
0.98
0.86
81.6

1.17
1.13
1.01
1.12
1.11
1.01
1.09
1.01
0.67
0.95
1.23
0.66
0.91
1.02
0.91
80.5

1.17
1.10
1.00
1.08
1.05
0.88
0.98
1.02
0.66
0.91
1.31
0.76
1.06
1.09
0.91
75.2

Part B: Bayesian-Estimated Weights and Variances
Bayesian-Estimated Weights*
QI

Model 1

Model 2

Variance

Shared Variance†

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

0.040
0.064
0.041
0.066
0.049
0.110
0.068
0.039
0.135
0.109
0.069
0.080
0.023
0.020
0.086

0.100
0.126
0.095
0.194
0.126
0.057
0.070
0.058
0.034
0.037
0.027
0.023
0.007
0.017
0.028

0.011
0.023
0.055
0.026
0.024
0.075
0.029
0.030
0.071
0.055
0.001
0.059
0.016
0.008
0.053

0.482
0.568
0.227
0.633
0.580
0.386
0.397
0.316
0.423
0.651
0.144
0.380
0.225
0.135
0.605

*Rescaled so that the weights sum to 1.
† 2
R from a model predicting the QI percent adherence from the percent adherences of other quality indicators (technically, the communality from a factor analysis fit using
maximum likelihood).

quantity: rank using BEWs minus rank from the full Bayesian
model (BLVM). Because lower number ranks indicate higher
quality (eg, rank “1” is the highest quality hospital), a
negative number in the cell indicates that quality estimated by
the BLVM is lower than quality measured by the BEWs
(which does not include shrinkage); a positive number in the
cell indicates quality from the BLVM is higher than quality
using the BEWs. Shrinkage is apparent. In the top 2 deciles,
on average quality estimates from the BLVMs are lower than
estimates from the BEWs; in the bottom 2 deciles, on average
quality estimates from the BLVMs are higher than from the
BEWs. Thus, on average, shrinkage (which occurs when
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using the BLVM but not the BEWs) pulls estimates of quality
in the off-center deciles toward the middle. In the fourth
column, we consider the absolute value of the change in ranks
(so that positive and negative changes do not cancel each
other out) and its relationship to the total number of cases at
the hospital. There is a negative relationship. When a hospital
has more cases, there are fewer rank changes when BLVM
estimates are compared with BEW estimates.

DISCUSSION
For most of the approaches we examined, hospital ranks
were highly correlated. Hence, in terms of assessing organiza© 2008 Lippincott Williams & Wilkins
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TABLE 5. Illustrating Shrinkage by Comparing Ranks Based on Bayesian-Estimated Weights to
Ranks from the Bayesian Models
Bayesian-Estimated Weight
(BEW) Quintile
1
2
3
4
5

Average of BEW2
Rank Minus
BLVM2 Rank

Average of BEW1
Rank Minus
BLVM1 Rank

Correlation of Number of Eligible Cases
in Hospital and Absolute Value of BEW1
Rank Minus BLVM1 Rank

⫺98.1
⫺53.9
35.2
66.9
50.5

⫺79.7
⫺86.2
⫺57.6
76.4
147.6

⫺0.12*
⫺0.26*
⫺0.21*
⫺0.30*
⫺0.09†

*Significant at P ⫽ 0.01 level.
†
Significant at P ⫽ 0.05 level.

tional performance and monitoring changes in performance over
time, the choice of approach is unlikely to make much difference. The only time when it does matter is in the context of
pay-for-performance programs that set a specific threshold affecting payments or when emphasis is placed on those above or
below specific thresholds, such as in the case of public reports.
As we have shown, even though ranks are highly correlated,
different approaches result in differences in the specific hospitals
that are in the top or bottom deciles.
An underlying assumption of the approaches considered is that all of the QIs are of equal clinical importance. The
incentives created by hospital-specific DBW are most consistent with this assumption. As described above, using
DBWhs is equivalent to calculating the composite measure as
the ratio of the sum of all the QI numerators to the sum of all
the QI denominators. Thus, an increase of 1 case in the
numerator of any of the QIs has exactly the same effect on the
composite measure. None of the other approaches has this
desirable quality. DBW derived from the aggregation of
either all hospitals or sets of hospitals (eg, based on size) are
useful because they allow one to compare weights across the
sets of hospitals or to weights from other approaches. However, aside from this advantage, it is not clear why one would
use DBW from aggregations of hospitals.
As discussed in the Introduction, if the composite measure
is considered a formative scale, justification for creating the
composite does not depend on correlation among the individual
components of the scale. The Bayesian models imply a reflective
scale. a1 is the parameter that links each observed QI to the latent
variable. Although we did not emphasize this in the Results
section, none of the intervals within which the a1s fell with 95%
certainty overlapped zero. This indicates that all of the QIs had
a statistically significant relationship to the underlying latent
variable. Hence, at least statistically, there is sufficient correlation to justify an underlying latent trait.
In BLVM1, once we “know” a hospital’s latent variable
(ie, h), its “true” level of performance on QI q (ie, tqh) is
determined by the relationship aq0 ⫹ aq1 h . BLVM2 hypothesizes that there is some random variation associated with each
measure q, measured by sq, in addition to variation induced
by the QI’s link to h. As discussed, the different formulations
result in different implied weights. In BLVM1, the implied
weights are, to a large extent, related to differences in the
variance of the observed QIs; in BLVM2, they are related to the
© 2008 Lippincott Williams & Wilkins

extent to which observed data reflect a “signal” about
the underlying trait versus noise (ie, to the ratio a1/s). On the one
hand, it seems reasonable to give more weight to QIs with
greater variation because that is where there is more opportunity
to learn about differences in quality. On the other hand, it is
possible that differences in variation in the QIs may reflect
differences in consensus about the clinical importance of the
measures. Although the assumption of equal clinical importance
underlies all of these approaches, in practice the possibility that
there is not similar consensus might cause second thoughts about
basing weights on differences in variance.
Although weights based on differences in the signal-tonoise ratio hold some conceptual appeal, the practical implications of this choice are not that attractive, at least when using the
QIs we considered. In general, all of the approaches indicate that
the larger hospitals have higher quality and the smaller hospitals
lower quality. However, as shown in Table 3, BLVM2 results in
the largest differences in quality estimates between large and
small hospitals, mainly due to the higher weights given to the
AMI QIs at the expense of the pneumonia QIs.
One might ask the question: “Why use the Bayesian
models at all?” There are several answers to this. The first, which
we have emphasized in this article, is that the shrinkage estimates from the Bayesian models appropriately take into account
differences in the reliability of estimates from hospitals of
different sizes. These differences are not reflected in composite
measures resulting from DBW. The second, which we have not
emphasized here is that probability intervals can be placed
around performance measures like ranks, which usually highlight that there is a great deal of uncertainty associated with
ranks.48,49 Pay-for-performance programs thus far have not
formally taken into account the issue of uncertainty in estimates
of performance. Finally, Bayesian models allow estimates of
policy-relevant performance in ways that other approaches do
not. For example, one can calculate the probability that each
hospital exceeds or falls below thresholds of interest.
In its current options article on Medicare hospital valuebased purchasing, CMS proposes that for each QI a hospital is
assigned points based both on the adherence percentage and on
improvements in the percentage.50 A composite is calculated by
summing points across QIs and dividing by the total number of
points possible. It is worth noting that this approach does not
take into account: (1) differences in the importance of the
indicator at a specific hospital; (2) the effect of sample sizes on
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the reliability of adherence percents for the indicator; and (3)
uncertainty associated with the resulting summary statistics. It
would be useful to consider Bayesian models as an approach for
calculating a total value-based purchasing performance score
from the individual QI scores.
Concerns have been raised about the extent to which the
Hospital Compare QIs reflect differences in documentation
rather than differences in quality.51,52 In addition, the particular
set of QIs we considered is limited to 3 conditions, 2 of which
are heart related. As noted, this affects our conclusions. However, our purpose is not to argue for the validity of rankings
based on these particular indicators, but rather to illustrate some
of the issues involved when using Bayesian latent variable models
as compared with DBW to calculate a composite measure of
quality. For this purpose, concerns about the QIs are less important.
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APPENDIX 1
Evidence-Based Indicators for Acute Myocardial
Infarction, Congestive Heart Failure and
Pneumonia (in the text, we refer to the
indicators by the numbers to the left of each
indicator)
Acute Myocardial Infarction (AMI)
1. Aspirin at arrival
2. Aspirin prescribed at discharge
3. Angiotensin-converting enzyme (ACE) inhibitor or angiotensin receptor blocker (ARB) for left ventricular systolic
dysfunction (LVSD)

© 2008 Lippincott Williams & Wilkins

Composite Measures of Healthcare Quality

4. Beta blocker prescribed at discharge
5. Beta blocker at arrival
6. Adult smoking cessation advice/counsel

Congestive Heart Failure
1.
2.
3.
4.

Left ventricular function assessment
ACE inhibitor or ARB for LVSD
Discharge instructions
Adult smoking cessation advice/counseling

Pneumonia
1.
2.
3.
4.

Oxygenation assessment
Pneumococcal vaccination status assessment
Initial antibiotic received within 4 hours of hospital arrival
Blood culture performed in emergency department before
first antibiotic received in hospital
5. Adult smoking cessation advice/counseling

APPENDIX 2
Denominator-Based Weights

Let dqh ⫽ the number of patients who receive QI q at hospital
h and nqh ⫽ the number of patients eligible for QI q at
hospital h. The proportion of eligible patients who receive QI
q at hospital h is (dqh/nqh). The DBW for QI q at hospital h is
(nqh/⌺qnqh). The composite measure of quality at hospital h
using DBW is:
⌺q 关共nqh /⌺q nqh 兲 ⫻ 共dqh /nqh 兲兴 ⫽ ⌺q 关dqh /⌺q nqh 兴 ⫽ ⌺q dqh /⌺q nqh .
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