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Background—A model using administrative claims data that is suitable for profiling hospital performance for acute
myocardial infarction would be useful in quality assessment and improvement efforts. We sought to develop a
hierarchical regression model using Medicare claims data that produces hospital risk-standardized 30-day mortality rates
and to validate the hospital estimates against those derived from a medical record model.
Methods and Results—For hospital estimates derived from claims data, we developed a derivation model using 140 120
cases discharged from 4664 hospitals in 1998. For the comparison of models from claims data and medical record data,
we used the Cooperative Cardiovascular Project database. To determine the stability of the model over time, we used
annual Medicare cohorts discharged in 1995, 1997, and 1999 –2001. The final model included 27 variables and had an
area under the receiver operating characteristic curve of 0.71. In a comparison of the risk-standardized hospital mortality
rates from the claims model with those of the medical record model, the correlation coefficient was 0.90 (SE⫽0.003).
The slope of the weighted regression line was 0.95 (SE⫽0.007), and the intercept was 0.008 (SE⫽0.001), both
indicating strong agreement of the hospital estimates between the 2 data sources. The median difference between the
claims-based hospital risk-standardized mortality rates and the chart-based rates was ⬍0.001 (25th and 75th percentiles,
⫺0.003 and 0.003). The performance of the model was stable over time.
Conclusions—This administrative claims-based model for profiling hospitals performs consistently over several years and
produces estimates of risk-standardized mortality that are good surrogates for estimates from a medical record model.
(Circulation. 2006;113:1683-1692.)
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A

cute myocardial infarction (AMI), a common, high-risk
event that requires timely intervention and extensive coordination among hospital clinicians and personnel, is the focus of
several national efforts to improve quality of care.1 The Centers
for Medicare & Medicaid Services (CMS) and the Joint Commission on Accreditation of Healthcare Organizations (JCAHO)
publicly report 7 process measures for AMI, including the use of
aspirin on admission and discharge, ␤-blockers on admission
and discharge, angiotensin-converting enzyme inhibitors or angiotensin receptor blockers on discharge, time to reperfusion,
and smoking cessation counseling.2,3 These measures convey
important information about healthcare quality but focus on a
narrow spectrum of the overall care provided to patients and thus
explain a relatively small portion of the variation across hospitals
in risk-adjusted mortality rates.4
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Outcomes, in contrast to structure and process, provide a
more global assessment of healthcare quality and represent
what matters most to patients.5 Process measurement is
susceptible to the diversion of resources to what is being
measured at the expense of what is not, potentially worsening
overall quality of care and outcomes. Although outcomes are
not entirely under the control of clinicians and hospitals,
quality of care and safety can influence the risk of adverse
events. Moreover, outcomes have the most relevance to
patients.
Outcome measurement is challenging, however, because of
variation among institutions in the risk profile of their
patients.6 Statistical methods can adjust for observed differ-
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ences in patient risk, but the only nationally available data on
hospitalizations in the United States are Medicare claims,
which do not always accurately reflect the information in the
medical record.7 Thus, for a claims-based model to be
suitable for public reporting, it should ideally be validated
against a similar approach using medical record data.8 The
validation should not be assessed at the patient level but
instead should assess how well the characterization of hospital performance by administrative data compares with that of
the model based on medical record data.
We developed a hierarchical regression model using Medicare claims data that produces hospital risk-adjusted 30-day
mortality rates. We aligned our approach with a recent
American Heart Association Scientific Statement that defined
standards for statistical models used for the public reporting
of health outcomes.8 This document recommends that such
models be in the public domain, not misclassify complications as comorbidities, have a standardized period of outcome
assessment, use statistical techniques that account for clustering of the data, and be validated with various cohorts and
against the results of a model based on medical record data.
We compared hospital risk-standardized mortality estimates
derived from a claims-based model with rates determined
from a model based on medical record data for 181 032
patients discharged from 4322 US hospitals from 1994 to
1996. To assess the stability of the model over time, we also
assessed model performance in multiple years of Medicare
claims data.

Methods
Derivation and Validation Cohorts
The Derivation Cohort
We randomly sampled half of the hospitalizations for AMI (International Classification of Diseases, 9th Revision, Clinical Modification [ICD-9-CM] codes 410.xx except for 410.x2) in the 1998
Medicare Provider Analysis and Review (MEDPAR) files, clustered
within hospitals. For risk adjustment we used information in the
MEDPAR files, physician files, and hospital outpatient files. The
MEDPAR claims have data on each hospitalization for fee-forservice Medicare enrollees and include demographic information,
principal and secondary diagnosis codes, and procedure codes.
Diagnosis codes for comorbidities were also collected from physician and hospital outpatient files. These data were collected for the
year before the index hospitalization.
We retained hospitalizations in which the patient was aged ⬎64
years because these patients are representative of the older AMI
population. We linked hospitalizations as an episode of care and
attributed the outcome to the admitting hospital. To confirm the
diagnosis, patients with AMI who were transferred from one facility
to another were required to have a principal discharge diagnosis of
AMI at both hospitals. For transferred patients, comorbid (“preexisting”) conditions were identified from the initial (index) admission
only so that these patients would not have the opportunity to have
more conditions coded than the patients who were not transferred.
We excluded patients with a total length of stay of ⱕ1 day and who
were discharged alive and not against medical advice because it is
unlikely that these patient suffered an AMI. We also excluded
patients without 1 year of history in Medicare fee-for-service.

The Validation Cohorts
We constructed a linked sample that contains both claims and
medical chart abstracted data for each patient. The medical record
data were obtained from the Cooperative Cardiovascular Project
(CCP), a national AMI quality improvement project in which

⬎200 000 medical records were abstracted.9 Hospitalizations for
CCP were identified from hospital bills in the Medicare National
Claims History File of claims submitted under fee-for-service.
Hospitalizations for CCP occurred during an 8-month period between February 1994 and July 1995, except for the states in the pilot
study (Alabama, Connecticut, Iowa, and Wisconsin), in which
sampling took place during a 4-month period from August through
November 1995. Predefined variables were abstracted from copies of
hospital records. The reliability of the data was monitored by means
of monthly reabstractions of randomly selected records; the accuracy
of abstraction with respect to treatment variables was 95%.
To evaluate the stability of the claims model over time, we also
evaluated the performance of the Medicare claims model using the
other half of the 1998 MEDPAR data and data for each of years
1995, 1996, 1997, 1999, 2000, and 2001. In each case we constructed
the sample in the same manner as for the derivation cohort.

Outcome
The primary outcome was hospital-specific risk-standardized allcause 30-day mortality, defined as death from any cause 30 days
after the index admission date. Mortality information was obtained
from the Medicare enrollment files by linking unique patient
identifiers.

Model Derivation: Patient Predictors of Mortality
Candidate variables for the Medicare claims model were developed
primarily from the administrative diagnostic codes. Because there
are ⬎15 000 ICD-9-CM codes, we used the Hierarchical Condition
Categories (HCC) to assemble clinically coherent codes into single
variables.10 This system, which includes 189 categories, was developed by physician and statistical consultants under a contract to CMS
and is publicly available. The HCC candidate variables considered
for this model were derived from the secondary diagnosis and
procedure codes from the index hospitalization (all the principal
diagnoses were 410.xx, except for 410.x2) and from the principal
and secondary diagnosis codes from hospitalizations, hospital outpatient visits, and outpatient office encounters in the 12 months
before the index hospitalization.
We conducted a clinical review of the candidate variables to
eliminate the secondary diagnoses from the index hospitalization that
could have represented complications rather than conditions present
on admission. For example, we did not include hemorrhage as a
secondary diagnosis on the index admission because it may have
been present on admission or occurred during the hospitalization. We
combined categories of HCC variables on the basis of clinical
judgment and bivariate associations and eliminated candidate variables with ⬍1% frequency. Additional candidate variables, based on
clinical judgment and a review of the literature, included demographic factors (age, sex), location of the AMI, and procedural
factors (history of bypass surgery or percutaneous coronary intervention in the past year).

Model
Because of the natural clustering of the observations within hospitals, we estimated hierarchical generalized linear models
(HGLM).11–13 We modeled the log-odds of mortality within 30 days
of admission as a function of patient demographic and clinical
variables and a random hospital-specific effect. This strategy accounts for within-hospital correlation of the observed outcomes,
separates within-hospital variation from between-hospital variation,
and models the assumption that underlying differences in quality
among the institutions lead to systematic differences among hospital
outcomes. The covariates for the model were first selected with the
use of a backward elimination procedure through the generalized
linear model (GLM) with a logit link function approach. Because of
the large number of patient observations that heavily influences
probability values, we chose an exit criterion for a variable of
P⬎0.01. We also evaluated the full model compared with the model
that contained only age and sex as covariates. We calculated the area
under the receiver operating characteristic (ROC) curve and the
percentage of explained variation (R2). Finally, we reestimated the
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regression coefficients of the covariates identified from our backward elimination strategy using a HGLM.

Model Validation
Medical Record Model
Candidate variables for the medical record model were selected on
the basis of a literature review and clinical experience.4,14 Unlike the
claims data, some covariates could be missing for patients in the
sample. When there were missing data for a continuous-valued
variable, we created an additional variable that assumed a value of 0
if the variable was measured and a value of 1 if missing, and set the
value of the original variable to its mean when missing. This method
of modeling missing data assumes that data are missing at random
and permits inclusion of all available cases, although it is not as
efficient as multiple imputation procedures. For discrete-valued
variables, we included an additional level that indicated the variable
was missing. We computed measures of model fit and discrimination
for the medical record model similar to those computed for the
claims-based models.

Hospital Risk-Standardized Mortality Rates
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We calculated risk-standardized mortality rates for each hospital
using the estimated hospital-specific parameters from the respective
hierarchical models. These rates are obtained as the ratio of “predicted” to expected mortality, multiplied by the national unadjusted
rate.15 Although other researchers have calculated the ratio of
observed to expected outcomes, we use the predicted rates to avoid
several analytic problems that have been cited.11,13,16 The expected
outcome for each hospital is the number of 30-day deaths expected
at the hospital if the hospital’s patients were treated at a “reference”
hospital. Operationally this was accomplished by regressing the risk
factors on the mortality with all hospitals in our sample, applying the
subsequent estimated regression coefficients to the patient characteristics observed at the hospital, and then summing. This is a form
of indirect standardization. The predicted hospital outcome is the
number of expected mortalities at the “specific” hospital and not at
a reference hospital. Operationally this was accomplished by estimating a hospital-specific random effect that represented baseline
mortality risk for the hospital, applying the hospital-specific regression coefficients to the patient characteristics at the hospital, and then
summing.
Using the 1994 to 1995 hospitalizations, we used 2 approaches to
examine the relationship between the risk-standardized rates obtained from using administrative data and those using chart data.
First, after creating a linked sample of admissions between the
administrative claims data and the medical record data, we assessed
the relationship between the risk-standardized mortality rates from
the administrative claims model and from the chart model for each
hospital through graphical and regression techniques. We estimated
a linear regression equation describing the association between the 2
rates, weighting each hospital by the number of hospitalizations, and
calculated the intercept and the slope of this equation. A slope close
to 1 and an intercept close to 0 would provide evidence that the
hospital rates from the 2 sources are very similar. Second, for each
hospital we calculated the difference between the risk-standardized
mortality rate based on the claims data and the medical record data
and then summarized the distribution of these differences among the
hospitals using the average, median, and maximum differences.

Stability of the Model Over Time
We validated the model over time by comparing its performance in
the derivation set with various validation cohorts, as described
above. To assess whether we included too many risk factors in our
final model, we calculated indices that quantify overfitting. Specifically, we used the coefficients estimated from the derivation model
to predict the log-odds of mortality in the validation cohorts. This
was accomplished by multiplying the observed risk factors in each
validation cohort and summing over the covariates for a subject to
obtain a mortality score. Using these scores for each subject, we then
estimated a logistic regression model in which the outcome was
observed mortality and the single covariate was the risk score. The
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intercept and slope obtained from this model are referred to as
overfitting indices. If there is overfitting, we would expect the slopes
to be different from 1 and the intercepts to be different from 0. We
repeated this process for each validation data set, each time calculating a risk score using the regression estimates from our derivation
model.
After assessing overfitting, we recalibrated the models in each of
the validation data sets so that we used the same variables but
reestimated the regression coefficients to the data for each specific
cohort. We then calculated several indices for assessing model
performance18: the area under the ROC curve, explained variation as
measured by the generalized R2 statistic, and the observed outcomes
in strata defined by the lowest and highest deciles based on
predictive probabilities. Model fit was further assessed through
examination of Pearson residuals.
All analyses were conducted with the use of SAS version 8.02
(SAS Institute Inc, Cary, NC). Models were fitted separately to each
year of data. The hierarchical models were estimated with the use of
the GLIMMIX macro in SAS.
The authors had full access to the data and take responsibility for
its integrity. All authors have read and agree to the manuscript as
written.

Results
Patient Characteristics and Administrative Model:
Derivation Sample
The 1998 sample included 387 081 AMI discharges from
4828 hospitals that were retrieved from the national fee-forservice administrative claims database, of which 8.3%,
10.7%, and 2.0% of the discharges were excluded for age
⬍65 years, incomplete information in the 12 months before
admission, and length of stay of ⱕ1 day, respectively (Table
1). Another 10.7% of the hospitalizations represented transfer
in admission and were combined with the admission at the
initial hospital to create an episode of care.
The derivation sample consisted of 140 120 cases with an
unadjusted 30-day mortality rate of 18.0%. The mean age of
the cohort was 77.8⫾7.4 years. The cohort included 50.5%
women and 9.7% nonwhite patients. There were 4664 hospitals in the derivation cohort, with a median annual number of
Medicare AMI hospitalizations of 17 (25th and 75th percentiles, 6 and 40, respectively). The observed mortality rate
ranged from 0.0% to 100.0% across these hospitals, and the
25th, 50th, and 75th percentiles were 13.1%, 16.9%, and
21.1%, respectively.
On the basis of a clinical review of the candidate variables,
bivariate analysis, and stepwise GLM procedure, we identified 27 variables, including 2 demographic, 10 cardiovascular, and 15 comorbidity variables, for the final model. The
model had good discrimination, calibration, and fit (Table 2).
The area under the ROC curve was 0.71. Model discrimination was good, with the observed mortality rate ranging from
4.0% in the lowest predicted decile to 40.0% in the highest
predicted decile, a range of 36.0%. The adjusted R2 was 0.12.
Figure 1A illustrates the overall distribution of riskstandardized 30-day mortality rates at the hospital level, and
Figure 1B shows the distributions of risk-standardized 30-day
mortality rates stratified by hospital volume. The 25th and
75th percentiles were 16.8% and 18.4%, respectively. The
95th percentile was 19.9%, and the 5th percentile was 15.5%.
The model that included only age and sex had worse model
fit with an area under the ROC curve of 0.62. Model
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TABLE 1.

AMI Initial Administration Claims Sample
Exclusion, %

Data
Source

Final Sample

Total

Age
⬍65 y

Incomplete
Information*

Transfer†

LOS
ⱕ1 d‡

n

% of
Total

1995

386 521

7.9

10.7

10.7

1.0

283 578

73.4

1996

393 845

8.1

10.9

10.9

1.3

285 953

72.6

1997

391 812

8.2

11.2

10.9

1.7

282 127

72.0

1998

387 081

8.3

10.7

10.7

2.0

280 098

72.4

1999

387 018

8.5

10.4

10.7

2.3

280 319

72.4

2000

346 595

8.3

5.2

11.6

2.6

263 124

75.9

2001

354 402

8.6

6.6

11.4

3.0

264 191

74.6
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LOS indicates length of stay.
*Incomplete information in the 12-month, preindex admission period was excluded for the AMI
sample.
†After linking the “transfer-in” hospital with the “transfer-out” (index admission) hospital, the
records of the “transfer-in” hospital were deleted so that the case was assigned to the index
admission hospital.
‡Discharged within first day of admission and alive, not against medical advice, not transferred.

discrimination was not as good: The observed mortality rate
ranged from 10.2% in the lowest predicted decile to 31.0% in
the highest predicted decile, a range of 20.8%. Explained
variation, R2, was only 0.04.
The model that did not include institutional outpatient and
physician data as a source of data had a lower prevalence of
comorbid conditions. For example, diabetes was present in
32.9% on the basis of inpatient, outpatient, and physician data
but was only 28.9% for inpatient alone. Hypertension was
present in 46.8% on the basis of inpatient, outpatient, and
physician data but was only 31.7% for inpatient alone.
Overall, among 27 variables, except age, male gender, history
of percutaneous transluminal coronary angioplasty, history of
percutaneous coronary intervention, and location of AMI in
the index admission, many variables were affected by physician data; the absolute percent change in frequency ranged
from 0.17% (chronic liver disease) to 15.9% (trauma in last
year), with a mean of 5.8⫾4.6%. However, the model using
only inpatient data had model fit that was close to the model
based on inpatient, outpatient, and physician data, with an
area under the ROC curve of 0.70. The observed mortality
rate ranged from 3.9% in the lowest predicted decile to 39.8%
in the highest predicted decile, a range of 35.9%. The
adjusted R2 was 0.11.

surgery was positive in the medical record model and
negative in the claims model, but the definitions were
different: In the claims model there was a requirement for a
billing code in the year before the AMI, whereas in the
medical record model there was written documentation of
bypass surgery at any time.

Medical Record Model

In each validation cohort the model fit was similar to that of
the derivation cohort (Table 4). These comparisons spanned 7
years of Medicare admissions for AMI. The unadjusted
mortality ranged from 18.1% to 19.0%. The percent explained variation ranged from 0.11 to 0.12, and the area under
the ROC curve ranged from 0.69 to 0.71. The overfitting
statistics were all within an acceptable range, indicating that
we had not overfitted the models.

The final CCP validation sample contained 181 032 hospitalizations and a crude 30-day mortality rate of 18.8%. In this
cohort, the administrative model had an area under the ROC
curve of 0.69, an observed mortality rate ranging from 5.3%
in the lowest predicted decile to 38.6% in the highest
predicted decile, and an adjusted R2 of 0.10. The medical
record comparison model in this cohort included 31 variables
(Table 3). The area under the ROC curve was 0.77. The
observed mortality rate ranged from 2.9% in the lowest
predicted decile to 59.0% in the highest. Explained variation,
R2, was 0.24. For all covariates that represented similar
information in the 2 data sources, the respective estimated
regression coefficients were in a similar direction. Bypass

Comparison of Hospital Mortality Rates: Claims
and Medical Record Data
The estimated hospital-specific standardized 30-day mortality
rates derived from each model are displayed in Figure 2A and
stratified by volume in Figure 2B. The slope of the weighted
regression line is 0.95 (SE⫽0.007) and the intercept is 0.008
(SE⫽0.001), both indicating strong agreement of the hospital
risk-standardized mortality estimates between the 2 data
sources. The correlation coefficient of the standardized mortality rates from the 2 models is 0.90 (SE⫽0.003). The
median difference between the hospital-specific riskstandardized mortality rates estimated from the claims data
and those estimated from the medical record data was ⬍0.001
(25th and 75th percentiles, ⫺0.003 and 0.003, respectively;
10th and 90th percentiles, ⫺0.007 and 0.007, respectively).

Model Performance in Administrative
Validation Set

Discussion
This study introduces an administrative claims-based model
for reporting hospital-specific 30-day AMI mortality rates for
Medicare beneficiaries with output that is an excellent surrogate for that produced by a model based on medical record
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A Claims Model for AMI
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AMI Administrative Model Based on 1998 Derivation Sample

Predictor

Estimate

t

Intercept

⫺2.61

⫺99.78

Odds Ratio

95% CI

Age, years over 65

0.05

Male

0.06

49.45

1.05

1.05–1.05

4.34

1.07

1.04–1.10

History of PTCA

⫺0.52

⫺9.83

0.60

0.54–0.66

History of CABG

⫺0.10

⫺3.23

0.91

0.85–0.96

0.42

23.03

1.52

1.47–1.58

⫺0.44

⫺22.72

0.65

0.62–0.67

0.64

34.74

1.89

1.83–1.96

Demographic

Cardiovascular

History of heart failure (HCC 80)
History of AMI (HCC 81)
Anterior MI (ICD-9 410.00–410.19)
Inferior/lateral/posterior MI (ICD-9 410.20–410.69)
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0.44

24.49

1.56

1.51–1.62

Unstable angina (HCC 82)

⫺0.13

⫺6.14

0.88

0.84–0.91

Chronic atherosclerosis (HCC 83 and 84)

⫺0.41

⫺25.91

0.67

0.65–0.69

Cardiopulmonary-respiratory failure and shock (HCC 79)

0.30

10.95

1.35

1.28–1.42

Valvular heart disease (HCC 86)

0.09

4.29

1.09

1.05–1.13

Comorbidity
⫺0.13

⫺8.43

0.88

0.85–0.91

Stroke (HCC 95 and 96)

0.23

8.49

1.26

1.20–1.33

Cerebrovascular disease (HCC 97, 98, 99, 103)

0.08

3.76

1.09

1.04–1.13

Renal failure (HCC 131)

0.36

13.25

1.43

1.36–1.51

COPD (HCC 108)

0.15

8.66

1.16

1.12–1.20

Pneumonia (HCC 111, 112, 113)

0.13

5.85

1.14

1.09–1.19

Diabetes (HCC 15–20, 120)

0.24

15.59

1.28

1.24–1.32

Protein-calorie malnutrition (HCC 21)

0.51

13.27

1.66

1.54–1.79

Dementia (HCC 49–50)

0.41

18.64

1.51

1.45–1.58

Hemiplegia, paraplegia, paralysis, functional disability
(HCC 100, 101, 102, 68, 69, 177, 178)

0.31

9.60

1.36

1.28–1.45

Peripheral vascular disease (HCC 104, 105)

0.21

10.62

1.23

1.18–1.28

Metastatic cancer (HCC 7, 8)

0.58

14.89

1.78

1.65–1.92

Trauma in last year (HCC 154–156, 158–162)

0.10

5.73

1.11

1.07–1.15

Major psychiatric disorders (HCC 54, 55, 56)

0.23

7.01

1.25

1.18–1.34

Chronic liver disease (HCC 25, 26, 27)

0.61

8.10

1.84

1.59–2.13

Hypertension (HCC 89 and 91)

PTCA indicates percutaneous transluminal coronary angioplasty; CABG, coronary artery bypass graft surgery; and COPD, chronic
obstructive pulmonary disease. Estimate of between-hospital variance⫽0.041 (SE⫽0.0032).

data. From prior work we know that at the patient level,
medical record data are better for discriminating patients who
survive and those who do not. In profiling institutions,
however, the emphasis is on a measure that averages information for all patients within the hospital rather than on the
specific agreement of individual variables or patient-level
discrimination. Because the claims-based model and a medical record model classified hospitals similarly with respect to
their standardized mortality rates, this approach, which has
been endorsed by the National Quality Forum, may be
suitable for the public reporting of hospital outcomes for
patients with AMI. We note that our comparison between
data sources focused on risk-standardized estimates; investigators who wish to use the results in different ways will need
to undertake an assessment of the comparability of the 2 data
sources for that purpose.
The development of this model included several methodological improvements on currently utilized administrative

data risk-adjustment models. The model was designed to
include only diagnosis codes that indicate conditions present
on admission, thus avoiding the problem of unwittingly
crediting a hospital for more ill patients who just may have
had more complications during the hospitalization, possibly
as a result of worse care. We used clinical judgment to
exclude secondary diagnosis codes in which complications
could not be distinguished from preexisting conditions. In
addition, we defined the outcome with a standardized period
of follow-up rather than relying on the hospital stay that may
vary by institution. In addition, we made use of healthcare
utilization in the year before the index admission to improve
the predictive ability of the model and minimize the potential
for the gaming of codes at the admitting hospital.
A notable aspect of our approach is the validation achieved
by comparing the output of the administrative claims model
with that from a model based on medical record review data.
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Figure 1. Distributions of risk-standardized 30-day
AMI mortality rates overall (A) and stratified by volume (B).
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Although even a model based on detailed information from
medical records is not truly a gold standard, models based
on this information currently provide the best opportunity
to characterize the baseline risk of patients admitted to the
hospital with an AMI. The Medicare claims data model did
not perform as well as the medical record model at the
patient level; however, the output of the models, ie, the
profiling of the hospital performance, is the focus of this
effort. We show that at the hospital level the administrative
claims data, for all their limitations, can serve as a
reasonable surrogate for the risk-standardized estimates
from a model based on better data. The current cost of
collecting medical record data precludes their collection as
part of a national profiling effort. Therefore, the only
current opportunity to develop a national hospital profiling
effort can be based on administrative claims data. Our
findings suggest that such an approach is possible.
We particularly sought an approach that could be released
in the public domain. Many of the current publicly reported
hospital profiling systems use proprietary approaches and do
not provide information about model fit or validation against
a gold standard.19,20 This model, including its methodology,
covariates, and performance, can be posted and disseminated.
Our analytic approach used hierarchical modeling, which
takes into account nesting of the data (ie, patients within
hospitals). Patients within hospitals would be expected to

have a mortality risk that is more highly correlated than that
of patients in different hospitals. This lack of independence of
the observations can lead to underestimation of the SEs of
risk factors and cause the appearance of statistically significant differences where none truly exist. In addition, sample
sizes vary by hospital, and hierarchical modeling can take
into account the differences in the amount of information
provided by each hospital.12,21,22
An important question is whether 30-day mortality is a
suitable metric for the comparison of hospital performance.
Outcomes are 1 of the 3 domains for quality measurement of
Donabedian.23 Some organizations are currently using this
measure, although their methods are often obscure.20 From
the hospital perspective, there are concerns about whether the
true profile of their patients’ risk can be taken into account.
Although the percentage of explained variability was low, the
probability of discriminating survivors and nonsurvivors, the
most common metric for assessing binary-valued outcomes,
was 70% with the use of administrative data and 77% with the
use of medical record data. In addition, the unexplained
variation is a result of unmeasured risk factors, quality of
care, and random variation. In the medical record model, we
have included the risk factors that are considered most
important for early mortality. It is possible that novel risk
factors will be identified or that some other unmeasured risk
factors might have added incrementally to the model, but it is
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TABLE 3.

A Claims Model for AMI

AMI Medical Record Model Based on CCP Data Set (1994 to 1995)

Variable Definition
Intercept

Estimate

t

⫺3.45

⫺77.30

Odds Ratio

95% CI

⫺0.18
0.05

⫺12.61

0.84

0.81–0.86

50.29

1.05

1.05–1.05

0.10

6.87

1.10

1.07–1.14

Demographics
Male
Age, years over 65
Noncardiac history
Diabetes (any type)
Cardiac history
CVA/stroke

0.28

16.06

1.32

1.28–1.37

Myocardial infarction

⫺0.06

⫺3.72

0.95

0.92–0.97

Hypertension

⫺0.21

⫺15.25

0.81

0.79–0.83

COPD

0.05

3.25

1.05

1.02–1.09

Bypass surgery

0.12

5.53

1.12

1.08–1.17

⫺0.35

⫺11.43

0.70

0.66–0.75

Angioplasty
Cardiac symptoms (first 48 h of admission)
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Systolic blood pressure, mm Hg
ⱕ100

0.00

⬎100

⫺0.99

⫺51.30

0.37

0.36–0.39

0.97

13.22

2.64

2.29–3.05

Missing

1.00

Shock

1.49

42.76

4.42

4.12–4.73

Heart failure/PE/CHF on x-ray/rales/gallop rhythm or S3

0.39

25.00

1.48

1.44–1.53

Time since chest pain started (relative to hospital arrival)
⬍6 h

0.00

1.00

6–12 h

0.16

6.19

1.17

1.11–1.23

⬎12 h

0.18

8.57

1.20

1.15–1.24

No chest pain

0.33

19.29

1.39

1.34–1.44

Unable to determine chest pain time

0.32

14.56

1.38

1.32–1.44

BUN, mg/dL*

0.01

14.16

1.01

1.01–1.01

BUN missing

0.27

4.63

1.31

1.17–1.47

Creatinine, mg/dL*

0.58

31.88

1.78

1.72–1.85

Creatinine missing

0.87

14.30

2.38

2.11–2.68

6–12

0.29

9.23

⬎12

0.85

26.21

2.33

2.19–2.48

Missing

0.44

9.17

1.55

1.41–1.70

ST-segment elevation

0.31

20.08

1.36

1.32–1.40

ECG unavailable

0.15

5.78

1.16

1.10–1.22

Left bundle-branch block

0.16

6.20

1.17

1.12–1.23

Right bundle-branch block

0.35

15.09

1.41

1.35–1.48

Second/third-degree heart block

0.28

5.55

1.32

1.20–1.46

Anterior or lateral

0.56

37.64

1.75

1.70–1.81

No location determined

0.78

31.89

2.17

2.07–2.28

Initial laboratory results (first 24 h of admission)

White blood cell count, L ⫻1000 (first 24 h of admission)
⬍6

1.00
1.34

1.26–1.43

First ECG within 6 h before or after arrival

Documented location(s) of AMI

CVA indicates cerebrovascular accident; COPD, chronic obstructive pulmonary disease; PE, peripheral edema; CHF,
congestive heart failure; and BUN, blood urea nitrogen. All P⬍0.0001.
Estimate of between-hospital variance⫽0.061 (SE⫽0.0052).
*Mean, if not measured.
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Figure 2. Comparison of the hospital-level riskstandardized mortality rates with the medical
record model and the administrative model, overall (A) and stratified by volume (B).
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unlikely that they would have markedly increased the explained variation. The value of outcome measurement over
structure and process is that it represents what is most
important to the patient. In addition, a focus on one process
TABLE 4.

can lead to ignoring other important processes that are not
measured in an attempt to be viewed positively. Assuming
that mortality is appropriate for profiling, we selected 30 days
because it is a standardized outcome within a time frame that

AMI Administrative Model and Medical Record Model Performance
Discrimination

Model
Administrative data derivation sample
1998 (1st half) (n⫽140 120)
Administrative data validation samples
1998 (2nd half) (n⫽139 978)
1995 (n⫽283 578)
1996 (n⫽285 953)
1997 (n⫽282 127)
1999 (n⫽280 319)
2000 (n⫽263 124)
2001 (n⫽264 191)
Linked administrative data model
1994–1995 (n⫽181 032)
Linked medical record data model
1994–1995 (n⫽181 032)

Over-Fitting Indices
(Intercept, Slope)

Adjusted
R2*

Predictive Ability†
(Lowest Decile, Highest Decile)

ROC Curve
Area

(0, 1)

0.12

4.0%–40.0%

0.71

(0.01, 0.99)
(0.10, 0.99)
(0.08, 1.00)
(0.04, 1.001)
(0.04, 1.01)
(0.02, 1.00)
(0.03, 1.00)

0.11
0.11
0.11
0.12
0.12
0.12
0.12

4.2%–40.1%
4.5%–39.3%
4.5%–39.1%
4.3%–39.0%
3.9%–40.6%
5.3%–40.6%
4.8%–41.1%

0.70
0.69
0.70
0.70
0.71
0.70
0.70

(0.02, 1.00)

0.10

5.3%–38.6%

0.69

(0, 1)

0.24

2.9%–59.0%

0.77

*Max-rescaled R 2.
†Observed rates in deciles determined by estimated model.
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hospital quality would expect to influence and has been
commonly used in clinical trials.
We did not exclude hospitals with small volumes because
the hierarchical model takes the sample size of each unit into
account. In general, hospitals that provide little information
(have small volumes) will have predicted risk-standardized
mortality rates that are near the national average because
these institutions do not provide sufficient information for an
informed estimate of their performance. Because these smallvolume hospitals would cluster at the average, they would not
have a strong influence on the correlation between the 2
methods of calculating hospital performance. Moreover, no
matter what analytic approach is adopted, it is difficult to
calculate precise estimates of outcome rates for hospitals or
other healthcare units with small volumes.
Our analysis has some issues to consider. This study is the
first to validate a claims model in US hospitals using this
approach. We required a large national sample of claims and
medical record data. The data were only available in the CCP,
a quality improvement initiative that abstracted records from
1994 to 1995. Nevertheless, even a chart-based model has
limitations, and there is no true gold standard against which to
compare the claims model. However, the chart-based model
currently provides the best characterization of the demographic and clinical characteristics of the patients. Another
issue to consider is that coding practices have changed since
that time, as has the definition of AMI, although our evaluation of the patient-level performance of the model over time
revealed that it did not change. Finally, although the output
from the administrative data model was highly correlated
with that from the medical record data, our findings should
not deflect attention from the need to improve the quality of
data available for profiling. We focused on the relationship
between risk-standardized estimates derived from 2 data
sources; if the primary goal is to identify high-quality
hospitals, ie, those in the upper 10th percentile, then it will
also be important to assess the sensitivity and specificity of
the claims-based estimates for this activity.24 Improving ICD
codes holds great promise for enhancing our ability to track
outcomes such as complications, to elevate risk-adjustment
approaches, and to avoid manipulation of coding. Advances
in electronic health records that would provide medical
record data in digital format for use in profiling hospital
performance will also advance our ability to adjust for
hospital differences in case mix. The use of administrative
data should only be a temporary solution as higher quality
data become available through the adoption of electronic
health records.
This model is specific to Medicare fee-for-service patients
and may not be generalizable to other data sources and patient
populations. Nevertheless, Medicare patients represent a majority of the patients hospitalized with an AMI. Within
Medicare, the fee-for-service patients are the vast majority.
This effort was limited by the availability of national claims
and medical record data. However, the ability to profile
institutions by the experience of the Medicare fee-for-service
patients represents an advance. As better, more comprehensive databases become available for broader populations, it
will be natural to extend this approach.

A Claims Model for AMI

1691

Growing interest in the public reporting of outcomes has
focused attention on the need for models that can adjust for
differences in case mix among hospitals. Only administrative
claims data are widely available to perform these types of
analyses. In this study we derived an administrative claims
model that characterizes the performance of hospitals in a
manner similar to that produced by the medical record model.
Thus, this claims model can produce information about
hospital performance that is comparable to that obtained from
higher-quality data that are much more expensive to obtain.
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CLINICAL PERSPECTIVE
Growing interest in the public reporting of outcomes has focused attention on the need for models that can adjust for
differences in case mix among hospitals. Only administrative claims data are widely available to perform these types of
analyses. A model using administrative claims data that is suitable for profiling hospital performance for acute myocardial
infarction would be useful in quality assessment and improvement efforts. We developed a hierarchical regression model
using Medicare claims data that produces hospital risk-standardized 30-day mortality rates that are similar to what can be
derived from a medical record model. Thus, the results of this administrative model can be considered a surrogate for the
results from the medical record model. This model has been endorsed by the National Quality Forum as a measure of
hospital performance.
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