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Objective. We ask whether Medicare’s Hospital Compare random effects model
correctly assesses acute myocardial infarction (AMI) hospital mortality rates when there
is a volume—-outcome relationship.

Data Sources/Study Setting. Medicare claims on 208,157 AMI patients admitted in
3,629 acute care hospitals throughout the United States.

Study Design. We compared average-adjusted mortality using logistic regression with
average adjusted mortality based on the Hospital Compare random effects model. We
then fit random effects models with the same patient variables as in Medicare’s Hospital
Compare mortality model but also included terms for hospital Medicare AMI volume
and another model that additionally included other hospital characteristics.

Principal Findings. Hospital Compare’s average adjusted mortality significantly un-
derestimates average observed death rates in small volume hospitals. Placing hospital
volume in the Hospital Compare model significantly improved predictions.
Conclusions. The Hospital Compare random effects model underestimates the typ-
ically poorer performance of low-volume hospitals. Placing hospital volume in the
Hospital Compare model, and possibly other important hospital characteristics, appears
indicated when using a random effects model to predict outcomes. Care must be taken
to insure the proper method of reporting such models, especially if hospital charac-
teristics are included in the random effects model.

Key Words. Hospital Compare, mortality, acute myocardial infarction, random
effects model

Medicare’s web-based “Hospital Compare” is intended to provide the public
“with information on how well the hospitals in your area care for all their adult
patients with certain medical conditions” (U.S. Department of Health & Hu-
man Services 2007a). For acute myocardial infarction (AMI) mortality in
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2007, of 4,477 U.S. hospitals (many of which presumably have no experience
with AMI), the Medicare Hospital Compare model asserted that 4,453 (99.5
percent) were “no different than the U.S. national rate,” only 17 hospitals were
“better,” and 7 were “worse” than the U.S. national rate. In 2008, the Hospital
Compare model suggests that of 4,311 hospitals, none were worse than
average, and nine were better than average.

These evaluations are surprising. Some hospitals treat only a few AMIs
every year, and others treat a few each week. One of the more consistent
findings in the medical literature (Luft, Hunt, and Maerki 1987; Halm, Lee, and
Chassin 2002; Gandjour, Bannenberg, and Lauterbach 2003; Shahian and
Normand 2003) is that, after adjusting for patient risk factors, there is often a
higher risk of death when a patient is treated at a low-volume hospital. Indeed,
this pattern is unmistakable in Medicare data, the data used to construct
Hospital Compare. However, Hospital Compare reports no such pattern.

THE SMALL NUMBERS PROBLEM

Over 20 years ago, in a paper published in this journal, Chassin et al. (1989)
described the small numbers problem when attempting to rank hospitals by
adjusted mortality rates. To account for death rate instability with low volume,
the Chassin study chose to rank hospitals by the statistical significance asso-
ciated with their observed and expected death rates. This, in retrospect, was
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not a good decision. Large hospitals could have extreme ranks because their
size allowed for statistical significance, whereas small hospitals could not reach
significance and would be forced to be ranked near the middle.

Twenty years later, a new solution for the small numbers problem in
AMI has been introduced by Medicare’s Hospital Compare. The Hospital
Compare model for AMI is based on a random effects model published
by Krumbholz et al. (2006b) as well as a technical report funded by a contract
from Medicare (Krumbholz et al. 2006a). Consistent with the technical report,
in a section titled Adjusting for Small Hospitals or a Small Number of Cases
(U.S. Department of Health & Human Services 2007b), the Hospital Compare
web page says:

The [Medicare] hierarchical regression model also adjusts mortality rates results
for...hospitals with few heart attack . . . casesin a given year . . . . This reduces the
chance that such hospitals’ performance will fluctuate wildly from year to year or
that they will be wrongly classified as either a worse or better performer ... .In
essence, the predicted mortality rate for a hospital with a small number of cases is
moved toward the overall U.S. National mortality rate for all hospitals. The es-
timates of mortality for hospitals with few patients will rely considerably on the
pooled data for all hospitals, making it less likely that small hospitals will fall into
either of the outlier categories. This pooling affords a “borrowing of statistical
strength” that provides more confidence in the results.

After “moving” (“shrinking”) many hospitals’ AMI mortality rates toward the
national rate, the 2008 Hospital Compare concludes that 4,302/4,311 or 99.8
percent of hospitals are “no different than U.S. national rate” and zero hos-
pitals are “worse than U.S. national rate.” This study will attempt to explain
why Hospital Compare came to these conclusions.

The “hierarchical” or “random effects” model used to construct
Hospital Compare utilizes the fact that low volume at a hospital implies that
its empirical mortality rate is imprecisely estimated. However, it assumes that
there is no relationship between volume and mortality (Panageas et al. 2007),
not a reasonable assumption, given that the literature suggests AMI mortality
rates tend to be higher when volume is lower (Luft et al. 1987; Farley and
Ozminkowski 1992; Thiemann et al. 1999; Tu, Austin, and Chan 2001; Halm
etal. 2002). Hospital Compare could have developed a random effects model
that allowed the empirical data to speak to the issue of whether a systematic
volume-outcome relationship is present, but the Hospital Compare model
used an overriding assumption that true hospital mortality rates are random
and independent of volume. For this reason, the mortality rate at a low-volume
hospital is judged by Hospital Compare to be unstable and in need of
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“shrinkage” toward the national average (rather than toward the average of
hospitals of similar volume).

In this paper, we first review the mechanics of the Hospital Compare
random effects model and explain how Hospital Compare arrives at an ad-
justed hospital death rate. We then look for an empirical relationship between
volume and outcome in the AMI Medicare data and find one very similar to
that reported in the literature. Next, we compare the results of the Hospital
Compare-adjusted death rate model with the results of a standard logistic
regression model by grouping all hospitals into quintiles of size so that there is
no “small numbers problem” and ask whether Hospital Compare is correctly
estimating average mortality inside these large quintile groupings of hospitals.
We also present a modification of the present Hospital Compare model that
includes Medicare AMI volume and other hospital characteristics.

METHODS
The Hospital Compare Random Effects Model

To motivate why we are interested in the Hospital Compare model when
assessing a condition or procedure for which there is a demonstrated volume-
outcome relationship, we must first explain how the Medicare Hospital
Compare random effects model works. To begin with, it is essential to note
that the model does not evaluate hospitals based on the typical observed (0)
versus expected (E) or O/E ratio generally utilized by the health services
community (Iezzoni 2003). In the typical 0/E model, the observed death rate
is simply the raw death rate at a hospital, and the expected death rate is based
on a model with only patient characteristics, not hospital characteristics. In-
stead, Hospital Compare produces a hospital-adjusted death rate by comput-
ing a predicted death rate (P) based on a random effects model with patient
characteristics and the specific hospital’s outcomes, and an expected death
rate (E) based only on patient characteristics at the hospital of interest. The
resultant P/ Eratio of mortality is then multiplied by the national average death
rate to report the adjusted death rate. In standard practice, a random effects
model aims to predict correctly, and including hospital characteristics such as
volume is consistent with that goal (though volume is not included in the
Medicare Hospital Compare model). In sharp contrast, however, the expected
term never includes hospital variables or characteristics to estimate this term.

Random effects models produce ‘“shrinkage.” If a hospital has a
substantially higher (or lower) death rate than average, the hospital will be
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predicted to have substantially elevated (or decreased) risk only if the sample
size is adequate to substantiate the elevated (or decreased) rate; otherwise, if
the sample size is small, the predicted death rate is “shrunken” or moved
toward the model’s sense of what is typical. In the Hospital Compare model,
which does not include attributes of hospitals, each hospital is shrunken
toward the mean of all hospitals.

Figure 1 allows us to better understand how shrinkage works in the
Medicare random effects model. It compares the 166 small hospitals with
volume between 11 and 13 patients a year (1-a-month) to the 86 large hospitals
with at least 250 patients a year (on the order of 1-a-day). One can observe that
for small hospitals, O/E is very unstable, but the median O0/E for the small
hospitals is > 1. The F/E for these same small hospitals, what Medicare ac-
tually reports to the public, is far less variable but now has a median near 1. For
the higher volume hospitals, with 250 cases per year, we observe far less
shrinkage, and the O/E and F/E ratios both appear below 1. A slightly more
technical description of the random effects model used by Hospital Compare
is described by equation (1) of the Appendix SA2.

In thinking about shrinkage, the notation of Morris (1983) and more
recently Dimick et al. (2009) and Mukamel et al. (2010) is helpful. One
can describe the extent of shrinkage by writing P=10+(1 — 2)E where
for each hospital, we solve for A after being given P, 0, and E. This is a
descriptive tool and not the mathematical formula used to create the
shrinkage (see Gelman et al. 1997, chapter 14 for details). If we divide both
sides of the equation by E, we get P/E= 1 0/E+(1 — J)E/E. To express ad-
justed rates as calculated in Hospital Compare random effects model, one
need to only multiply both sides of the equation by the national AMI death
rate (16.6 percent mortality). We graph 1 versus AMI volume in Figure 2.
When volume is low, the Hospital Compare model places almost no emphasis
on O/E (A is near 0), and almost all emphasis on £/E= 1, making the pre-
diction offered to the public (the Hospital Compare-adjusted rate) almost
identical to the national rate, regardless of what is observed.

Data

Using the Medicare Provider Analysis and Review File from July 1, 2004 to
June 30, 2005, we selected all cases of AMI based on ICD9 codes starting with
“410” excluding those with fifth digit = “2” for “subsequent care” (as per
Krumbholz et al. 2006a, b). We included only hospitals we knew did not open
or close in the study year. Starting with 377,515 AMI admissions, we selected
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Example of How Hospital Compare Shrinks Predictions Based on
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Notes. This figure compares the 166 hospitals with between 11 and 13 patients a year (1-a-
month) and the 86 hospitals with at least 250 patients a year (on the order of 1-a-day). The three

pictures on the left are for 1-a-month. The three pictures on the right are for 250-a-year. 0/Eis on
the outside. P/E is on the inside. O/E and P/E appear worse for 1-a-month than for 250-a-year.
Medicare reports to the public the shrunken P/ Erate times the national rate, not the 0/ Erate. For

the higher volume hospitals, with 250 cases per year, we observe far less shrinkage, and the O/E
and P/ Eratios both appear below 1. For the 1-a-month hospitals, we observe a median 0/E> 1 but
a P/E very near to 1.
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Figure2: How Much Does the Hospital Compare Model Emphasize
an Individual Hospital’s Observed Mortality Rate When Calculating
the Predicted Mortality That Is Provided to the Public?
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Notes. The figure provides the value of 2 where P/E= A (0/E)+(1 — 2)(E/E). Because Hospital
Compare does not include volume or any hospital characteristics in the model, the (1 — 7) term is
multiplied by 1, which represents the national average or typical hospital death rate. As hospital
acute myocardial infarction (AMI) volume increases, 4 increases, suggesting an increasing em-
phasis on the hospitals own 0/ E. As hospital AMI volume decreases, A decreases, and the Hospital
Compare model emphasizes the national mortality rate (£/E) rather than the hospitals own ob-
served mortality rate (0/E) when making the prediction F/E.

the first AMI admission for a patient between ages 66 and 100 years at acute
care hospitals (262,578 patients at 3,694 acute care hospitals). We excluded
30,984 patients transferred in from another acute care hospital, and 21,183
patients admitted for “AMI” but discharged alive within 2 days; 43 patients
were deleted because of date of death mistakes, and finally we excluded 2,211



Hospital Compare and the Volume—Outcome Relationship

1155

Table1: Relationship between the Hospital Volume Quintile and the Odds
of Mortality
AMI Mortality in the United States
Hospital Volume Number of Logit Random
by Quintile Hospitals Model Effects Model

Quintile 1 (volume < 8 per year) 734 1.54 (1.41, 1.68) 1.53 (1.40,1.67)
Quintile 2 (volume 9 — 22 per year) 753 1.29 (1.23, 1.36) 1.29 (1.22 1.36)
Quintile 3 (volume 23 — 47 per year) 696 1.13 (1.10, 1.18) 1.14 (1.09, 1.18)
Quintile 4 (volume 48 — 95 per year) 732 1.08 (1.05, 1.11) 1.07 (1.04, 1.11)
Quintile 5 (volume 96 — 735 per year) 714 1 Reference 1 Reference

Notes. In this table, we present results for both a standard logistic model and the random effects
model. For all models, hospitals in the lowest volume quintile are associated with the highest odds
of mortality. Each cell provides the odds ratio adjusted for patient characteristics, and the 95%
confidence interval.

All adjusted for same variables as included in the Hospital Compare model (Krumholz et al.
2006b) (see Table 1 of Appendix SA2 for full model).

patients enrolled in managed care plans due to incomplete data. This left
208,157 unique patients admitted with AMI in 3,629 hospitals.

Statistical Analysis

The Risk-Adjustment Model. We duplicated as best we could (based on the
available definitions used in the Hospital Compare model) the risk
adjustment model of Krumholz et al. (2006b), which is the model cited
by Medicare in their website. When we implemented the Medicare random
effects model, we used the SAS program PROC GLIMMIX (SAS Institute
Inc. 2008), as suggested by Krumholz et al. (2006a) in the technical report
associated with Medicare Hospital Compare. When we fit the logit model
without random effects, we used the same patient parameters as in the
Krumholz model, but used PROC LOGISTIC from SAS (SAS Institute
Inc.). Implicitly, the GLIMMIX model takes into account hospital-level
clustering and the logistic model does not, although pertinent results were
nearly identical (see Table 1); see Freedman (2006) and Gelman (2006) for
general discussion clustering in logistic and related models.

The random effects Model. The random effects model has patient characteristics
and hospital indicators based on the model developed by Krumholz et al.
(20064, b), using the Hierachical Condition Categories (Centers for Medicare
and Medicaid Services). Our model, like that of Krumholz et al. (2006a),
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includes 16 comorbidity groups, 10 cardiovascular variables, as well as age
and sex as used in the Medicare mortality model. In the Medicare random
effects model, hospital volume is viewed as fixed, and hospital quality
parameters (random effects) are assumed to be sampled from a single Normal
distribution independently of hospital volume (Gelman 2006; SAS Institute
Inc. 2008).

RESULTS
Hospital Volume and AMI Mortality in the United States

Two columns of Table 1 display the relationship between hospital AMI vol-
ume and AMI mortality in the United States, adjusting for patient risk
factors using variables from the Medicare Hospital Compare model. The odds
ratios compare mortality at hospitals in five quintiles of size to mortality at the
largest hospitals. These models are based on 208,157 Medicare patients ad-
mitted for AMI to 3,629 hospitals. The model includes 24 variables describing
patient characteristics as developed by Krumholz et al. (2006a), which is the
basis of the CMS Hospital Compare model for AMI. The Cstatistic for the
logit model without volume was 0.73 (almost identical to the Krumholz
random effects model Csstatistic of 0.71). Details of the risk-adjustment model
are provided in the Table 1 of Appendix SA2.

Hospitals in the lowest volume quintile had the highest risk-adjusted
mortality. The volume-outcome relationship is substantial in magnitude,
highly significant, with narrow confidence intervals (Cls). Together, the four
quintile variables were significant using the likelihood ratio test (p<.0001). The
logit model estimates hospitals at the lowest 20th percentile of AMI volume to
have an odds of death that is 1.54 times higher than hospitals at the highest 20th
percentile (95 percent CI: 1.41, 1.68). The random effects model similarly finds
an unambiguously strong volume-outcome relationship. This volume-
outcome relationship is descriptive and predictive but not explanatory: it is
unambiguous that risk-adjusted mortality is higher at lower volume hospitals;
however, why this is so and what it might mean for public policy are not
immediate consequences of the existence of a volume-outcome relationship.

Contrasting Hospital Compare’s Predictions to AMI Mortality in the United States

Figure 3 compares the results of the Hospital Compare average-adjusted death
rates to the actual observed average hospital death rates for each of the five
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Figure 3: Comparison of Standard Logistic Regression Observed/Expected
Mortality Ratios versus Three Versions of the Hospital Compare Random
Effects Model Predicted/Expected Mortality Ratios
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Notes. Both O/E and P/E would be multiplied by the national acute myocardial infarction
mortality rate to get an adjusted rate which could be reported to the public. Note that for the lower
two quintiles of hospitals by volume (the smallest 40 percent of hospitals), there is a great dis-
crepancy between the average O/E mortality rate ratios based on the standard 0/ logit model
(thin black line) and the average P/ E mortality rate ratios based on the random effects model used
by Medicare’s Hospital Compare (the dashed line). However, when size (the thick black line) or
size and other hospital characteristics (the thick gray line) are added to the present Hospital
Compare model, the P/ E values become almost identical to the standard 0/ results.

hospital quintiles sorted by volume. The x-axis displays the volume quintile,
lowest to highest. The y-axis depicts the adjusted death rates (without mul-
tiplying by the average national death rate—a constant term). The y-axis
graphs four rates, three P/ Erates, and the 0/Erate. The P/ Erate depicted by
the dashed line (at the bottom of the graph) represents the average predictions
based on the Hospital Compare model (without volume) that shrinks results of
individual hospitals according to the random effects model for all hospitals in
the quintile, divided by the expected rate based only on patient characteristics.
The standard O/E rate (depicted by the thin black line) represents the actual
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average observed rate of death at each individual hospital in the quintile
divided by the expected rate based on the same model used by Hospital
Compare when only patient characteristics are in the model. Differences be-
tween Hospital Compare’s P/E and the O/E rates are considerable. The
average of the F/E rates by Hospital Compare suggest little deviation from
expected (except for a very slight improvement below expected in the largest
quintile). However, the average O/F rates show very substantial differences
between observed and expected, with the lowest quintile displaying approx-
imately a 25 percent increase in mortality from expected and the largest
quintile displaying approximately a 5 percent reduction in observed versus
expected.

Taken together, there is quite a bit of evidence about how the smaller
hospitals perform as a group—their risk-adjusted mortality is above average.
The Hospital Compare model does not look at the small hospitals as a group,
but rather views them individually, each with unstable mortality rates which
are moved one at a time toward the national rate, ignoring the fact that as a
group, the small hospitals have a mortality rate above the national average.
That is, the Hospital Compare model sets F/Enear 1 for hospitals with small
volume, then “discovers” that P/E is near 1. For large hospitals, Hospital
Compare does less shrinkage but does nonetheless predict worse outcomes
than actually observed for these largest hospitals. For shrinkage to improve
estimation, it is important to shrink unstable estimates toward a reasonable
model, and the model which says that volume is unrelated to risk is not a
reasonable model.

The metaphorical phrase “borrow strength” is widely used to describe
and motivate the mathematics of shrinkage, but one is not borrowing strength
if one is shrinking toward an unreasonable model. To say this is not to criticize
shrinkage but rather to criticize its use with an unreasonable model. See Cox
and Wong (2010) for related discussion.

Adding Hospital Characteristics into the Hospital Compare Model

We next studied whether predictions could be improved if we added the AMI
volume quintile to the model. This would allow shrinkage to a hospital’s own
volume quintile rather than to the nation as a whole. This is displayed as the
thick black curve of Figure 3. If we were to add in hospital volume and other
hospital characteristics (resident-to-bed ratio, nurse-to-bed ratio, nurse mix,
and technology status) as well as AMI volume, we obtain the thick gray curve
in Figure 3. Comparing the O/E curve (thin black) to both the P/ E curves that
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include volume or volume plus hospital characteristics, we see virtual overlap,
in distinction to the dashed curve representing the present Hospital Compare
model without volume or hospital characteristics. Adding volume or volume
and other hospital characteristics improves the Hospital Compare predictions.

Understanding the Hospital Compare Model: Examining Individual Hospitals

To better understand the present Hospital Compare random effects model,
and what would happen when volume and possibly also other important
hospital variables are added to the random effects model, we present data
from individual hospitals in Table 2. To help illustrate that a random effects
model of whatever kind evaluates small hospitals together as a group and not
individually, it is informative to study five quantities (1, O/E, 1 — 1, F/E, and
P/E) which indicate the degree to which an individual hospital is evaluated by
the group of hospitals to which it belongs. In random effects models with
hospital and patient characteristics, define /' to be the mortality rate forecasted
for that hospital using the fixed effects that describe attributes of its patients (as
in E) and also its hospital characteristics such as volume. We can then write
P=)0+(1—A)F, and dividing by E, we get the more familiar Z/E= A(0/
E)+(1 — 7)F/E. When no hospital characteristics are included in the random
effects model, then = E, and the equation describing /£ becomes identical
to that introduced earlier (see Figure 2), where Pis a linear combination of the
observed rate and the national rate. Again, 4 describes the extent of shrinkage
but is not a part of the mathematics of shrinkage.

When 1 is near 0, this reflects the fact that the observed performance at
the hospital, namely O/E, is given little emphasis in the random effects model
prediction, and the predominant emphasis is on the group to which the hos-
pital belongs, namely the hospital characteristics described by F/E. Table 2
illustrates results from three models: the original Hospital Compare model
(Model 1) and a model that also adds in volume (Model 2) and volume plus
hospital characteristics (Model 3). As hospital volume increases, more em-
phasis is placed on the hospitals own O/E and less on the hospitals own
characteristics (F/E). However, even with very high volume of about one case-
a-day (see hospitals G and H), the random effects models still place only about
60 percent the emphasis on O/E, while F/E still contributes 40 percent to the
P/E estimates. For hospitals with low volumes (A, B, C, D, E, and F), the value
of /is quite low, reflecting the fact that all the random effects models displayed
in Table 2 place most emphasis on F/E (the hospitals characteristics adjusting
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for patient characteristics) rather than O/E (the observed outcomes adjusting
for patient characteristics).

A very clear message emerges from Table 2. In the present Hospital
Compare model, predictions for small volume hospitals are shrunk back to the
national average (P/E terms are near 1). However, when viewing models with
volume added to the Hospital Compare model, we see that low-volume hos-
pitals are now predicted to have higher death rates than average (P Eterms are
above 1), because the predictions are shrunken back to the average death rates
of the small hospitals. Because the volumes are low, there may be little ev-
idence to suggest that the individual small hospitals are worse or better than
their size cohort (in other words / is low so 7/ Ewill resemble 7/ E, not O/E). Ifa
hospital treated one AMI patient during a year, its Ois zero or one and its O/ E
does virtually nothing to characterize its individual performance; moreover,
no mathematical model can change that. When volumes are low, and
the random effects models will be shrinking P/ E toward F/E, it makes better
sense to shrink these low-volume hospitals to their respective groups, rather
than the national average, knowing that on average the low-volume hospitals
have higher mortality.

DISCUSSION

In 2007, Medicare introduced a web-based model to aid the public in selecting
hospitals (Francis 2007). While motivated by legitimate concerns about the
instability of estimates of quality in small hospitals, the random effects model
used by Medicare assumes hospital quality is a random variable unrelated to
hospital volume, in contrast to a substantial empirical literature that shows
strong relationships between hospital volume and AMI mortality.

The assumption in the CMS Hospital Compare random effects model
developed by Krumholz et al. (20064, b) is that there is no association between
the volume of the hospital and hospital characteristics associated with quality
of care. By using such a random effects model to evaluate hospital quality,
Medicare has, in effect, assumed away any volume-outcome effect and re-
assigned (recalculated or shrunken) adjusted mortality rates in low-volume
hospitals thereby reducing any volume-outcome association that may be
present. This recalculation is inherent in the decision to exclude volume and
other hospital characteristics from the shrinkage model. A better model (see
Figure 3) would allow the data to speak to the issue of the association between
AMI risk and hospital attributes, such as hospital volume and other facility
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characteristics, rather than assuming there is no such association. If one es-
timates using shrinkage, one must shrink toward a reasonable model.

As a group, small hospitals are performing below average, yet in the
Hospital Compare model, one by one, these small hospital outcomes are
shrunken to the expected mortality rate of the entire population and are re-
ported to be no different from average. See Tables 3 and 4 of the Appendix
SA2 for simulation studies displaying this finding.

In a recent report, Dimick et al. (2009) display the usefulness of using
both mortality and volume in predictive models in surgery, and Li et al. (2009)
suggest that random effects models used to compare nursing home quality
appear to underestimate the poor performance of smaller nursing homes.
Mukamel et al. (2010) have also shown that the random effects model can
incorrectly shrink to the grand mean when systematic differences occur in the
population. The Leapfrog Group has also recently implemented a random
effects model with volume. For some related theory, see Cox and Wong
(2010).

One may argue that hospital volume or even other hospital character-
istics relevant for AMI be included in the Hospital Compare random effects
model. Normand, Glickman, and Gatsonis (1997) have contended that when
there are systematic differences across providers, “. . . more accurate estimates
of provider specific adjusted outcomes will be obtained by inclusion of rel-
evant provider characteristics.” In the case of the Hospital Compare random
effects model, these provider characteristics should include hospital volume
and possibly other factors associated with better outcomes, such as nurse-to-
bed ratio, nurse mix, technology status, and resident-to-bed ratio (Silber et al.
2007; Silber et al. 2009).

We included volume in the model through the use of indicators for
hospital volume. This is a simple approach and it avoids difficulties that might
arise in which the shape of the volume-outcome relationship is mostly esti-
mated from the largest hospitals. One can certainly include hospital volume as
a continuous variable in the model, but one must model the relationship
correctly. In particular, in looking at the matter, we found the relationship is
not linear on the logit scale. One could also use various forms of local regres-
sion (see Ruppert, Wand, and Carroll 2003).

The Hospital Compare website is intended to guide patients to better
hospitals. For that task, it is reasonable, perhaps imperative, to use patterns
such as the volume—outcome relationship, which are only visible when data
from many hospitals are combined. That task is concerned with providing
good advice to most patients. For an individual small hospital, no model can
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determine with precision what the mortality rate may be. However, we can say
with great certainty that the typical small hospital performs worse than the
typical large hospital. The Hospital Compare website would do better to pro-
vide the public with this information, rather than suggest that any individual
small hospital is no different from the mean of all hospitals. To assert that each
individual small hospital is average because we lack sufficient evidence to reject
the null hypothesis that this individual hospital is average is to make the familiar
though serious error of asserting the null hypothesis is true because one lacks
sufficient evidence to show that it is false. Given small numbers, Hospital
Compare can say that there is too little data available to suggest that the in-
dividual small hospital is different from its peer group of other small hospitals,
while stressing that Hospital Compare knows for certain only that small hos-
pitals have higher death rates as a group than large hospitals.

Guiding patients to capable hospitals is one task, but evaluating the per-
formance of a particular hospital administrator at a particular small hospital is
another very different task. In one single small hospital, the observed mortality
rate is, again, too unstable to be used to evaluate the unique performance of that
hospital, and a random effects model will of necessity lump a small hospital
with other small hospitals having similar attributes (if the random effects model
includes volume). Therefore, a random effects model of whatever kind could
not recognize a unique superb hospital administrator who had overcome all the
problems presented by low volume to produce care of superior quality. For this
reason, while a random effects model may provide patients with guidance
when selecting among potential hospitals, a random effects model of whatever
kind should not be used to assign grades to the performance of individual
providers when their volume is low, as there may be excellent small hospitals
with some characteristics that typically predict poor outcomes.

When a reasonable model is used to shrink mortality rates, those rates
may more accurately describe the population of hospitals as a whole, but there
will always be uncertainty about whether the shrinkage has improved the
estimate for an individual hospital with low volume. If the shrunken rates are
used to guide policy for the population as a whole, then individual small
hospitals have no basis for complaint; however, if the shrunken rates are
misused to evaluate individual small hospitals based largely on the perfor-
mance of many other small hospitals, then complaint is justified. Shrinkage
may be useful in performing one task and useless or harmful in performing a
very different task.

Care is needed in deciding which hospital attributes to use in a random
effects model that shrinks predictions toward the model. One concern here is
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with gaming, that is, with manipulating one’s attributes, so as to be shrunken
toward a better prediction, without actually improving the quality of care.
Gaming is likely to occur if random effects models are misused to evaluate and
reward or punish the performance of individual hospitals. Just as gaming
through upcoding (Green and Wintfeld 1995) and selection (Werner and Asch
2005) can occur with patient characteristics, so too may there be gaming of
hospital characteristics. Presumably, it may not be too difficult to uncover
those hospitals gaming accounting practices through mergers to manipulate
volume. However, a more difficult problem may occur when a random effects
model includes an indicator of a potentially effective technology at the hos-
pital, and it may be possible to acquire the technology without putting it to
effective use. In this case, the quality of care at that hospital would not im-
prove, but its prediction would improve merely because other hospitals use
the same technology effectively.

In summary, there is a considerable literature on the volume-outcome
relationship, which consistently shows lower AMI mortality risk at higher
volume hospitals, a relationship that exists within the data used by Medicare
for the Hospital Compare model. However, the Hospital Compare random
effects model uses low volume to “shrink” individual small hospitals, one-by-
one, back to the overall national mean; hence, the model underestimates the
degree of poor performance in low-volume hospitals. If shrinkage is used to
guide patients toward hospitals with superior outcomes, it is important to
respect and preserve patterns in national data, such as the volume—outcome
relationship, and not allow the shrinkage to remove those patterns.
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