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Background: The validity of outcome report cards may depend
on the ways in which they are adjusted for risk.

Objectives: To compare the predictive ability of generic and
disease-specific survival prediction models appropriate for use in
patients with heart failure, to simulate outcome report cards by
comparing survival across hospitals and adjusting for severity of
illness using these models, and to assess the ways in which the
results of these comparisons depend on the adjustment method.

Design: Analysis of data from a prospective cohort study.

Setting: A university hospital, a Veterans Affairs (VA) medical
center, and a community hospital.

Patients: Sequential patients presenting in the emergency depart-
ment with acute congestive heart failure.

Measurements: Unadjusted 30-day and 1-year mortality across
hospitals and 30-day and 1-year mortality adjusted by using
disease-specific survival prediction models (two sickness-at-
admission models, the Cleveland Health Quality Choice model,
the Congestive Heart Failure Mortality Time-Independent Predic-

tive Instrument) and generic models (Acute Physiology and
Chronic Health Evaluation [APACHE] II, APACHE III, the mortality
prediction model, and the Charlson comorbidity index).

Results: The community hospital’s unadjusted 30-day survival
rate (85.0%) and the VA medical center’s unadjusted 1-year sur-
vival rate (60.9%) were significantly lower than corresponding
rates at the university hospital (92.7% and 67.5%, respectively).
No severity model had excellent ability to discriminate patients by
survival rates (all areas under the receiver-operating characteristic
curve < 0.73). Whether the VA medical center, the community
hospital, both, or neither had worse survival rates on simulated
report cards than the university hospital depended on the predic-
tion model used for adjustment.

Conclusions: Results of simulated outcome report cards for sur-
vival in patients with congestive heart failure depend on the
method used to adjust for severity.

Ann Intern Med. 2000;133:10-20.
For author affiliations, current addresses, and contributions, see end of text.

Report cards may be used to compare the quality of
health care according to use of services; performance

of health care processes; or outcomes across providers, hos-
pitals, or other organizations. Recently, outcome report
cards in particular have received much attention. Managed
care organizations and commercial health care consultants
are using them more frequently to measure quality (1), and
the former may use them to make decisions about financial
incentives and provider participation (2). The Joint Com-
mission on Accreditation of Healthcare Organizations now
requires hospitals to measure their performance by using
commercial systems, including some that incorporate out-
come report cards (3). The American Board of Medical
Specialties is considering requiring outcome report card
evaluations for certification (4). Pennsylvania (5), Califor-
nia (6), Florida (7), New Jersey (8), Connecticut (9), On-
tario, Canada (10), and the United Kingdom’s National
Health Service (11) have disseminated comparisons of hos-
pitals’ mortality outcomes to consumers. Hospitals with
extreme mortality rates have received considerable public-

ity (6, 9, 12–14), which may affect their fortunes in an
increasingly competitive health care market.

However, the validity of outcome report cards may
depend on the methods of risk adjustment used to con-
struct them (15). Fair report cards should distinguish the
effects of providers or organizations on outcomes from the
effects of chance and patients’ underlying prognoses (16).
Report cards that do not adequately adjust for patients’
prognostic characteristics could adversely affect quality by
penalizing facilities that care for the sickest patients (17).

Risk adjustment methods based only on administrative
data (18) or generic methods (that is, methods applicable
to diagnostically heterogeneous groups of patients) based
on clinical data may not fully adjust for all prognostic
differences among patients of different providers (19). Re-
sults of outcome report cards that use generic risk adjust-
ment methods may vary depending on the choice of
method (20).

There is hope that newer, disease-specific risk adjust-
ment methods based on clinical data may perform better
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(21–23). For example, some models predict survival specif-
ically for patients with congestive heart failure (24–26), an
increasingly prevalent disease (27) and a leading cause of
hospitalization for elderly persons (28). Studies have com-
pared survival across hospitals for specific diseases, includ-
ing heart failure, by using disease-specific risk adjustment
methods (29, 30). However, whether outcome report cards
that use these methods will provide consistent and valid
results is unknown.

In this study, we compared the predictive ability of
several prediction models specific to heart failure and sev-
eral generic models appropriate for patients with heart
failure; compared survival across hospitals, adjusting for
severity of illness by using these models (thus simulating
survival outcome report cards); and assessed the extent to
which the results of these comparisons depended on the
adjustment method.

Methods
Study Design, Sites, and Sample

We performed a retrospective cohort study of patients
from the Predictions and Outcomes of Congestive Heart
Failure (POCHF) study (31). From 5 November 1990 to
31 December 1992, we prospectively enrolled consecutive
patients older than 16 years of age who had received a
clinical diagnosis of acute heart failure from their evaluat-
ing physicians in the emergency departments of a univer-
sity hospital, a Veterans Affairs (VA) medical center, or a
community hospital in one small metropolitan area. We
excluded patients with possible or definite acute myocar-
dial infarction. Institutional review boards at all three hos-
pitals approved the study. Patients were enrolled regardless
of their disposition after their initial emergency depart-
ment visit and could be enrolled each time they visited the
emergency department with acute heart failure.

Housestaff from a single internal medicine program
provided care at the university hospital and the VA medical

center. Many of the attending physicians at one hospital
had some clinical or teaching duties at the other hospital.
Approximately 47% of housestaff but only 7% of attend-
ing physicians cared for study patients at both the univer-
sity hospital and the VA medical center. The community
hospital had a separate, private attending staff; its only
housestaff were on a single team that was present during
part of the study.

Survival Assessment
The main study outcome variable was survival, mea-

sured 30 days and 1 year after the emergency department
visit. For each patient, we first attempted to assess survival
using one of the following primary data sources: a data
form completed by the emergency department physician,
chart review, interview of the patient or surrogate within
approximately 4 days of the visit, follow-up telephone in-
terviews 90 days and 1 year after the visit, or clinical data-
bases of patient encounters and laboratory results at the
university hospital and the VA medical center. For patients
whose vital status could not be unambiguously ascertained
from these primary sources (7% of patients at 30 days and
8% at 1 year), we searched state and federal vital status
databases. We recorded death dates from these secondary
sources only for patients for whom we had an exact match
on two and at least an approximate match on one of three
characteristics: name, birth date, and Social Security number.

Choice of Mortality Prediction Models
The risk adjustment methods we chose were survival

prediction models that were designed to assess quality of
care or institutional performance for acutely ill patients,
were designed exclusively for or at least to include patients
with heart failure, and had required data collected for them
by the POCHF study. We chose four models that were
specific to heart failure: two sickness-at-admission (SA)
models designed to predict 30- and 180-day survival (25),

Table 1. Unadjusted Survival Rates across Hospitals

Hospital 30-Day Survival 1-Year Survival

Patients Surviving Relative Risk (95% CI) Patients Surviving Relative Risk (95% CI)

n/n (%) n/n (%)

University hospital 433/467 (92.7) 1.0 (referent) 315/467 (67.5) 1.0 (referent)
Veterans Affairs medical center 580/649 (89.4) 0.96 (0.93–1.001) 395/649 (60.9) 0.90 (0.83–0.99)
Community hospital 187/220 (85.0) 0.92 (0.86–0.97) 132/220 (60.0) 0.89 (0.78–1002)
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a revised version (32) of the original Cleveland Health
Quality Choice (CHQC) model (29), and the Congestive
Heart Failure Mortality Time-Insensitive Predictive Instru-
ment (CHFM-TIPI) (26). We chose four generic models
that were designed to predict mortality for hospitalized
patients with various admitting diagnoses, including heart
failure: the Acute Physiology and Chronic Health Evalua-
tion (APACHE) II (33); APACHE III (34); the admission
mortality prediction model (MPM0) (35); and the Charl-
son comorbidity index (CCI) (36).

The SA models (37), the CHQC model (29), CHFM-
TIPI (26), APACHE II (38), and APACHE III (39, 40)
have been used in published comparisons of hospital mor-
tality. The predictive performance of all models except
CHFM-TIPI has been validated on a sample of patients
distinct from the sample that participated in model devel-
opment (29, 33, 35, 40–45). The models were designed
to predict survival at hospital discharge (CHFM-TIPI,
APACHE II, APACHE III, MPM0) or at 30 days (SA-30,
CHQC), 180 days (SA-180), or 1 year after admission
(CCI).

All models provide a score indicating a patient’s prob-
ability of survival, which is calculated by using data from
multiple variables. No model uses the same set of variables
as another, and each has a unique scheme to weight and
combine variables. A list of variables is given in the Appen-
dix Table.

The CHFM-TIPI, MPM0, and CCI used only data
that were available before admission. The others used some
data collected within 1 to 2 days after hospitalization. The
two SA models, the CHQC model, and APACHE III were

designed to impute normal values when data items about
physiologic status or laboratory test results were missing for
a particular patient. The CHFM-TIPI, APACHE II, and
MPM0 required that such patients be excluded. The CCI
used only data about preexisting comorbid conditions.

Data Collection for Prediction Models and
Calculation of Model Scores

We used retrospective chart review to collect most of
the data required by the models. Trained physicians and
nurses who were unaware of the study questions completed
a standardized data form, and a senior cardiology fellow
reviewed emergency department electrocardiograms. When
information about the presence of preexisting conditions
was unavailable for a particular visit, we used information
obtained from the patient’s previous study enrollment
when it was available.

For each patient, we computed a score for each of the
eight models, following as closely as possible the proce-
dures laid out in the original publications describing the
models. Because all of the generic models used admitting
diagnosis as a variable but our sample was restricted to
patients with heart failure, we omitted the admitting diag-
nosis when computing scores.

Because four of the eight models were designed to
impute normal values for missing data about physiology
and diagnostic tests, we imputed as normal the values of all
such missing variables for all models to make fair compar-
isons. We found that 3.8% to 58.8% of all patients and
1.2% to 44.5% of all hospitalized patients had at least one

Table 2. Clinical Characteristics of Patients across Hospitals

Characteristic Patients at
University Hospital
(n 5 467)

Patients at Veterans
Affairs Medical Center
(n 5 649)

Patients at
Community Hospital
(n 5 220)

P Value*

Female, % 51.0 1.0 56.4 0.001
White, % 17.6 55.8 85.4 0.001
Dyspnea on mild exertion or rest, % 61.5 75.5 51.8 0.001
Acute orthopnea, % 78.4 78.0 55.0 0.001
Paroxysmal nocturnal dyspnea, % 64.2 66.0 43.6 0.001
Receiving a diuretic, % 67.9 70.7 59.1 0.006
Receiving angiotensin-converting enzyme inhibitors, %† 47.3 50.0 30.9 0.001
Hypertension, % 78.4 78.1 55.5 0.001
Intensive care unit admission in past year, % 42.2 43.3 46.4 .0.2
Possible valvular heart disease, % 28.9 31.1 19.6 ,0.001
Coronary artery disease, %† 40.5 56.6 40.5 0.001
Mean age, y 63.0 68.2 74.2 ,0.001

* Comparing differences in proportions across hospitals.
† Past angina, coronary artery bypass graft surgery, percutaneous transluminal coronary angioplasty, or myocardial infarction.
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missing model variable. Three of the models used only data
available in the emergency department before possible hos-
pital admission. Therefore, to avoid bias caused by changes
that occurred in the value of variables as a result of in-
hospital management decisions, we used only data on
physiologic and diagnostic test variables obtained before
the patient left the emergency department.

Statistical Analysis
We excluded patients with missing charts or survival

data. Our main analyses included all patients regardless of
whether they were hospitalized, but additional analyses ex-
cluded patients who were not hospitalized.

To assess predictive performance, we constructed lo-
gistic regression models in which the prediction model
score was the independent variable and survival was the
dependent variable. These analyses yielded a C-statistic for
each model, which is equivalent to the area under the
receiver-operating characteristic (ROC) curve, a measure of
the prediction model’s ability to discriminate among pa-
tients by ordering them according to rates of the outcome
event (46). These logistic regression analyses recalibrated
the models to reflect patients’ overall survival rate and
yielded Hosmer–Lemeshow statistics as indices of the ac-
curacy of the recalibrated models (47). The researchers
who developed some of the prediction models provided
schemes to map model scores onto predicted rates of sur-
vival. We did not evaluate the accuracy of these schemes,

however, because the mappings reflected the survival rates
of the samples used to develop them rather than rates of
our sample (48).

Figure 1. Results of simulated report cards for 30-day
survival for the entire cohort.

Lines with squares represent the university hospital, lines with triangles represent
the Veterans Affairs (VA) medical center, and lines with crosses represent the
community hospital. The university hospital and the VA medical center differed
significantly for survival adjusted by the sickness-at-admission (30-day survival)
(SA-30) model, Acute Physiology and Chronic Health Evaluation (APACHE ) II,
and APACHE III. The VA medical center and the community hospital differed
significantly for survival adjusted by Charlson comorbidity index (CCI). The uni-
versity hospital and the community hospital differed significantly for unadjusted
survival and for survival adjusted by the SA-30 model, the sickness-at-admission
(180-day survival) (SA-180) model, APACHE II, admission mortality prediction
model (MPM0 ), and CCI. For all comparisons, P , 0.05. CHFM-TIPI 5 Con-
gestive Heart Failure Mortality Time-Insensitive Predictive Instrument; CHQC 5
Cleveland Health Quality Choice.

Table 3. Proportions of Patients Whose Scores Were Ordered Differently by at Least One Quintile in Each Possible Pair
of Survival Models*

Model Model

SA-30 SA-180 CHQC CHFM-TIPI APACHE II APACHE III MPM0 CCI

SA-30 0.28 0.33 0.32 0.34 0.30 0.33 0.40
0.28 0.28 0.36 0.34 0.30 0.35 0.36

SA-180 0.34 0.34 0.33 0.33 0.34 0.39
0.33 0.39 0.32 0.35 0.37 0.35

CHQC 0.34 0.37 0.37 0.36 0.41
0.34 0.38 0.40 0.35 0.37

CHFM-TIPI 0.39 0.36 0.35 0.42
0.35 0.35 0.28 0.37

APACHE II 0.31 0.35 0.40
0.32 0.35 0.37

APACHE III 0.35 0.40
0.35 0.37

MPM0 0.39
0.35

* The top figure in each cell is the proportion of patients who were put in a more severe quintile of mortality risk by the model to the left of the row compared with the model at the top of the column.
The bottom figure in each cell is the proportion of patients who were put in a more severe quintile of mortality risk by the model at the top of the column compared with the model to the left of
the row. APACHE 5 Acute Physiology and Chronic Health Evaluation; CCI 5 Charlson comorbidity index; CHFM-TIPI 5 Congestive Heart Failure Mortality Time-Insensitive Predictive
Instrument; CHQC 5 Cleveland Health Quality Choice; MPM0 5 mortality prediction model; SA-30 5 sickness at admission (30-day survival); SA-180 5 sickness at admission (180-day survival).
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To assess disagreement among the models’ survival
predictions for individual patients, we ordered patients by
quintiles according to their scores from each model and
then tabulated the number of patients for which each pos-
sible pair of models disagreed by at least one quintile.

To assess the effect of adjustment method on simu-
lated outcome report cards, we again used logistic regres-
sion analyses. We built models of the form logit(survival) 5
b0 1 b1UH 1 b2CH 1 b3VA 1 b4 score, where UH, CH,
and VA were indicator variables for the university hospital,
the community hospital, and the VA medical center, re-
spectively, and score was the score of the particular survival
prediction model calculated for each patient. We built sets
of logistic regression models for 30-day and 1-year survival,
adjusting for each of the eight models. To determine the
statistical significance of differences between survival rates
of pairs of hospitals after adjustment, we tested whether
their regression coefficients were equal. We then calculated
each hospital’s survival rate after adjustment according to
each prediction model by using the marginal prediction
method: We calculated the adjusted survival rate for the

hospital as if its patient population had the same distribu-
tion of predicted survival probabilities as the entire study
sample (49).

Results
We examined 1603 emergency department visits of

1173 patients. We excluded 94 visits of patients who also
presented with myocardial infarction, 20 visits without
vital status data, and 153 visits for which no charts were
available, leaving 1336 visits eligible for our main analyses.

The overall survival rate was 1200 of 1336 (89.8%) at
30 days and 842 of 1336 (63.0%) at 1 year. The 30-day
survival rate at the community hospital and the 1-year sur-
vival rate at the VA medical center were significantly lower
than the corresponding rates at the university hospital (Ta-
ble 1). The patients’ clinical characteristics were typical of
patients with heart failure and varied across the hospitals
(Table 2).

None of the prediction models had very good discrim-
inating ability, as measured by the areas under the ROC
curves. For two random patients, one who survived and
one who did not, the area under the ROC curve is equiv-

Figure 2. Results of simulated report cards for 30-day
survival after exclusion of patients who were not
hospitalized.

Lines with squares represent the university hospital, lines with triangles represent
the Veterans Affairs (VA) medical center, and lines with crosses represent the
community hospital. The university hospital and the VA medical center differed
significantly for survival adjusted by the sickness-at-admission (30-day survival)
(SA-30) model; the sickness-at-admission (180-day survival) (SA-180) model; the
Cleveland Health Quality Choice (CHQC) model; the Congestive Heart Failure
Mortality Time-Insensitive Predictive Instrument (CHFM-TIPI); Acute Physiol-
ogy and Chronic Health Evaluation (APACHE) II; APACHE III; admission mor-
tality prediction model (MPM0); and Charlson comorbidity index (CCI). The VA
medical center and the community hospital did not differ significantly. The uni-
versity hospital and the community hospital differed significantly for unadjusted
survival and for survival adjusted by the SA-30 model, the SA-180 model,
APACHE II, MPM, and CCI. For all comparisons, P , 0.05.

Figure 3. Results of simulated report cards for 1-year
survival for the entire cohort.

Lines with squares represent the university hospital, lines with triangles represent
the Veterans Affairs (VA) medical center, and lines with crosses represent the
community hospital. The university hospital and the VA medical center differed
significantly for unadjusted survival and for survival adjusted by the sickness-at-
admission (30-day survival) (SA-30) model; the sickness-at-admission (180-day
survival) (SA-180) model; the Cleveland Health Quality Choice (CHQC) model;
the Congestive Heart Failure Mortality Time-Insensitive Predictive Instrument
(CHFM-TIPI ); Acute Physiology and Chronic Health Evaluation (APACHE) II;
APACHE III; and admission mortality prediction model (MPM0). The VA med-
ical center and the community hospital differed significantly for survival adjusted
by APACHE III. The university hospital and the community hospital differed
significantly for survival adjusted by the SA-180 model, APACHE II, and CCI.
For all comparisons, P , 0.05.
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alent to the probability that the patient who survived had a
better model score (that is, a greater predicted probability
of survival). The CHQC model had the best discriminat-
ing ability for 30-day survival (ROC curve area, 0.73),
followed by the SA-30 model and MPM0 (ROC curve
area, 0.67 for both). The models’ performance at predict-
ing 1-year survival was similar, as was their performance at
predicting survival only for hospitalized patients. However,
after recalibration by logistic regression, we found that no
model was badly calibrated (P . 0.05, data not shown).

The models often disagreed in how they ordered indi-
vidual patients by probability of survival. Table 3 shows
the proportions of patients that particular pairs of models
placed in different quintiles of survival probability. For
each possible pairing of models, more than half of the
patients were ranked differently.

We determined the effects of adjusting simulated re-
port cards by using different survival prediction models for
30-day survival (Figure 1), 30-day survival after exclusion
of patients who were not hospitalized (Figure 2), and
1-year survival (Figure 3). Each of the figures displays the
unadjusted survival rate for the three hospitals and their
survival rates adjusted by each of the eight prediction mod-
els. These figures show that whether any pair of hospitals
had a significantly different survival rate depended on the
methods used for the comparison: the choice of the model
used for adjustment, the time frame for survival, and
whether we excluded patients who were not hospitalized.

Some simulated report cards, including those for 30-
day survival adjusted by the CHQC and CHFM-TIPI
models, showed no significant differences in survival among
the three hospitals.

Simulated report cards for 30-day survival adjusted by
APACHE III; those for 30-day survival of only hospital-
ized patients adjusted by the CHQC model, CHFM-TIPI,
and APACHE III; and those for 1-year survival adjusted by
the SA-30 model, the CHQC model, CHFM-TIPI, and
MPM0 showed that only the VA medical center had sig-
nificantly worse survival than the university hospital. Sim-
ulated report cards for 30-day survival, unadjusted and
adjusted by the SA-180 model and MPM0; those for un-
adjusted 30-day survival of only hospitalized patients; and
those for 1-year survival adjusted by CCI showed that only
the community hospital had significantly worse survival
than the university hospital. Simulated report cards for 30-
day survival adjusted by the SA-30 model and APACHE
II; those for 30-day survival of only hospitalized patients

adjusted by the SA-30 model, the SA-180 model,
APACHE II, and MPM0; and those for 1-year survival
adjusted by the SA-180 model, APACHE II, and
APACHE III showed that the VA medical center and the
community hospital had significantly worse survival than
the university hospital. One simulated report card, for 30-
day survival adjusted by CCI, showed that the community
hospital had significantly worse survival than both the uni-
versity hospital and the VA medical center.

Discussion
Using eight survival prediction models to adjust for

initial severity of illness, we evaluated mortality for patients
with heart failure who were seen at three hospitals. No
analysis showed that patients at the VA medical center or
the community hospital had better survival rates than those
at the university hospital. Other studies of outcome report
cards have suggested that patients with congestive heart
failure at teaching hospitals have survival rates better than
(29) or at least the same as (30) survival rates among pa-
tients at other hospitals.

However, whether patients at the VA medical center
or community hospital seemed to have survival rates dif-
ferent from or worse than survival rates at the university
hospital depended on the survival prediction model used to
adjust for severity. Our findings corroborate reports by Iez-
zoni and colleagues, which demonstrated that results of
mortality outcome report cards for patients with several
diseases may vary depending on the generic survival pre-
diction model used to adjust for underlying disease severity
(47, 50–53). They also support a study by Fine and col-
leagues (54), which showed that results of mortality out-
come report cards for patients with pneumonia varied de-
pending on whether a generic or disease-specific model was
used, and a study by Orr and colleagues (55), which
showed that results of mortality report cards for patients
undergoing coronary artery bypass grafting varied depend-
ing on which of four disease- and procedure-specific mod-
els was used. Our study, however, assessed outcomes of
patients with heart failure by adjusting for severity with
both disease-specific and generic prediction models.

Our results raise several questions. Why did different
prediction models produce dissimilar results? The models
ranked many individual patients differently, perhaps be-
cause of differences in the variables included in the models.
There was some overlap, but the models also differed sub-
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stantially in the specific variables that were used and in the
weighting of common data items.

We found that no model was clearly superior to the
others in the ability to discriminate among patients with
different actual rates of survival. In fact, none of the mod-
els predicted mortality in our patient population as well as
they did in their previously published applications.

Unavoidably, several features of our study design that
were meant to reduce bias may have also reduced the abil-
ity of the models to predict survival. We required the mod-
els to predict 30-day and 1-year survival; however, most
were designed to predict in-hospital survival, which may be

biased by discharge decision making (56, 57). The longer a
patient stays in the hospital, the more likely it is that he or
she will die there (19). Nonetheless, the SA-30 and CHQC
models were specifically designed to predict 30-day mor-
tality.

We computed model scores by using only data avail-
able in the emergency department, even though most mod-
els were designed to also use data from the first days after
hospitalization. Data available later in the hospitalization
may be more predictive of survival because they may reflect
management during hospitalization and may be more thor-
ough. In addition, the assumption that missing data are

Appendix Table. Variables Used in Models*

Variable Type Model

SA-30 SA-180 CHQC CHFM-TIPI

Demographic Age Male Age Age
Nursing home resident Nursing home resident

History and comorbid conditions Previous hospitalization Cancer
Difficulty with limbs COPD
Noncompliance CVA or TIA
Ventricular depressants Cirrhosis
Antiarrhythmic medications Steroid use

Physical examination Blood pressure Mean blood pressure† Cardiac arrest Systolic blood pressure†
Coma score Mechanical ventilation

Neurologic assessment
Heart rate
Respiratory rate
Systolic blood pressure†

Diagnostic test CHF on chest radiography BUN level† Infiltrate on chest radiograph Flat T waves on ECG
BUN level† BUN level† Normal sinus rhythm on ECG
Sodium level† Creatinine concentration†
Hematocrit† BUN/creatinine†
Digitalis level‡ Sodium level†
AST level† LDH level†

AST level†
Leukocyte count†
Albumin level†
Bicarbonate level‡
pH‡
PCO2‡
PO2

Other predictive models APACHE II APS SA-30
APACHE II APS

* APACHE 5 Acute Physiology and Chronic Health Evaluation; APS 5 acute physiology score; AST 5 aspartate aminotransferase; BUN 5 blood urea nitrogen; CCI 5 Charlson comorbidity index;
CHF 5 congestive heart failure; CHFM-TIPI 5 Congestive Heart Failure Mortality Time-Insensitive Predictive Instrument; CHQC 5 Cleveland Health Quality Choice; COPD 5 chronic
obstructive pulmonary disease; CVA 5 cerebrovascular accident; ECG 5 electrocardiogram; LDH 5 lactate dehydrogenase; MPM0 5 mortality prediction model; NYHA 5 New York Heart
Association; TIA 5 transient ischemic attack; SA-30 5 sickness at admission (30-day survival); SA-180 5 sickness at admission (180-day survival).
† Treated as a categorical variable.
‡ Treated as a dichotomous variable.
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likely to be normal may be more accurate for data obtained
later. Data obtained after hospitalization, however, may be
biased by the way the patient is managed in the hospital
(58, 59). Even interventions made within the first hours of
hospitalization may affect outcomes (60). Nonetheless, the
CHFM-TIPI, MPM0, and CCI were designed to use only
data available on presentation to the emergency depart-
ment.

Our main analyses included all patients regardless of
whether they were admitted. All of the models were devel-
oped with data from patients who were hospitalized or in
intensive care. Excluding patients who were not admitted,

however, risks bias caused by the admitting decision. For
example, failing to admit the sickest patients could im-
prove a hospital’s apparent survival rate. Covinsky and col-
leagues (61) also found that the admission acute physiology
score from APACHE II was a mediocre predictor of in-
hospital and 1-year survival (ROC areas, 0.67 and 0.58)
for elderly hospitalized patients. Furthermore, excluding
patients who were not hospitalized did not improve the
performance of any of the models.

Our study had some specific limitations. Our assess-
ments of generic models for patients with heart failure may
not apply to the ways in which these generic models per-

Appendix Table—Continued

Model

APACHE II APACHE III MPM0 CCI

Age† Age† Age†

Liver insufficiency Cirrhosis Cirrhosis Myocardial infarction Hemiplegia
NYHA class IV cardiac disease Hepatic failure Chronic renal failure Peripheral vascular disease Moderate to severe renal disease
Severe chronic respiratory disease Lymphoma Metastatic cancer Cerebrovascular disease Diabetes with end-organ damage
Chronic renal failure on dialysis Leukemia or multiple myeloma Acute renal failure Dementia Tumor
Immunocompromise Acute renal failure COPD Leukemia

Immunosuppression Connective tissue disease Lymphoma
AIDS Ulcer disease Moderate to severe liver disease

Mild liver disease Metastatic tumor
Diabetes

Mean arterial pressure† Mean blood pressure† Cardiopulmonary arrest
Heart rate† Heart rate† Mechanical ventilation
Respiratory rate† Respiratory rate† Heart rate‡
Temperature† Temperature† Systolic blood pressure‡
Glasgow coma score† Neurologic abnormality†

Urine output

Creatinine concentration† BUN level† Dysrhythmia
Sodium level† Creatinine concentration†
Potassium level‡ Sodium level†
Hematocrit† Hematocrit†
Leukocyte count† Leukocyte count†
PO2† pH†
pH† PCO2†

PO2†
Arterial–alveolar oxygen gradient†
Albumin level†
Bilirubin level†
Glucose level†
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form for patients with other clinical problems. Our study
was done in three hospitals in one small metropolitan area.
There is no good reason to suspect, however, that our
results would not apply to other hospitals and in other
geographic areas. Our study data were not new. They were
newer than data used in outcome studies that adjusted for
severity of illness by using some of the eight models (26,
37, 38) and not much older than the data used in other
such studies (29, 32, 39). Furthermore, we know of no
new effective interventions for the management of acute
congestive heart failure introduced since our data collec-
tion that might reduce its generalizability to today’s pa-
tients.

In conclusion, the results of survival report cards for
patients with acute congestive heart failure may depend on
the choice of methods used to adjust for risk. Relying on
survival outcome report cards that use one of the currently
available risk adjustment methods may lead to erroneous
conclusions about the quality of care at particular hospitals
and may unfairly penalize individual hospitals in today’s
competitive market. Further research to develop improved
risk prediction models for the purpose of adjusting out-
come report cards for patients’ initial severity of illness is
clearly warranted. Models incorporating more data about
the disease of interest (for example, in patients with heart
failure, information about cause, physiologic characteris-
tics, functional status [62], and biopsychosocial issues) may
make more discriminating predictions and give more con-
sistent results when used to adjust outcome report cards.
We should also continue to develop other methods of qual-
ity assessment, such as process report cards. Process report
cards may be valid in clinical situations in which strong
evidence favors certain processes over others. Such evi-
dence-based quality assessment (63–66) is beginning to
receive more support (67).
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