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Objectives. This research exam-
ined whether judgments about a
hospital’s risk-adjusted mortality per-
formance are affected by the severity-
adjustment method.

Methods. Data came from 100
acute care hospitals nationwide and
11 880 adults admitted in 1991 for
acute myocardial infarction. Ten se-
verity measures were used in sepa-
rate multivariable logistic models
predicting in-hospital death. Ob-
served-to-expected death rates and z
scores were calculated with each
severity measure for each hospital.

Results. Unadjusted mortality
rates for the 100 hospitals ranged
from 4.8% to 26.4%. For 32 hospi-
tals, observed mortality rates differed
significantly from expected rates for
1 or more, but not for all 10, severity
measures. Agreement between pairs
of severity measures on whether
hospitals were flagged as statistical
mortality outliers ranged from fair to
good. Severity measures based on
medical records frequently disagreed
with measures based on discharge
abstracts.

Conclusions. Although the 10
severity measures agreed about rela-
tive hospital performance more often
than would be expected by chance,
assessments of individual hospital
mortality rates varied by different
severity-adjustment methods. (Am J
Public Health. 1996;86:1379-1387)
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Introduction

Report cards on hospitals and physi-
cians are increasingly used to compare
provider performance along a variety of
dimensions. including patient outcomes
and costs.'* Managed care companics
and business coalitions use these reports
to sclect preferred providers for network-
ing and contracting.” States, including
California. Florida, New York. and Penn-
sylvania, generate and publicly dissemi-
nate hospital-specific comparisons of total
charges and patient death rates. ostensi-
bly to assist consumers to choose among
hospitals.™ Thercfore. especially in highly
competitive regions. methods employed
to judge performance are critically impor-
tant to health care providers and could
substantially affect local health care deliv-
ery systems.! =

In most instances, performance re-
ports arc touted as indicators of relative
provider quality. Despite these claims, a
recent US General Accounting Office
review of governmental and private paver
report card initiatives noted that few valid
hospital quality measures exist and that
current databases rarely provide insight
into important paticnt outcomes.® For
example. although hospital mortality rates
arc often a centerpicce of such report
cards. the relationship of death rates to
quality of care remains controversial and
unproven. The report also emphasized
that unless findings arc adjusted for
patient characteristics. “conclusions about
quality based on an evaluation of [patient]
outcomes might be erroncous. ™04

Because some facilities treat sicker
patients than others, hospital compari-
sons need to control for patient risk.”!"
However. methods for quantifying patient
risk are also controversial. Since the early
1980s. numerous severity measures have

been developed specifically for comparing
hospitals or large paticnt groups.'-"?
Many are commercial. proprietary prod-
ucts. marketed to hospitals. government
officials. legislators. and business leaders.
Some locales and payers require hospitals
to report information using specific sever-
ity measures™": for example. since 1986.
Pennsylvania hospitals have had to report
inpaticnt severity of illness using Medis-
Groups. Choices of severity measure are
often idiosyncratic. sometimes based pri-
marily on the vendor’'s marketing ap-
proach. Articles. usually by the developers
of the measures. describe individual sever-
ity measures.*¥ but few studies by
independent investigators involving mul-
tiple severity measures have been re-
ported.**=** and fewer have examined the
cffect of different severity measures on
hospital comparisons.®-*

Given the potential impact of these
measures on providers and patients. com-
prehensive evaluations of their validity
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TABLE 1—Description of 10 Severity-Adjustment Methods for Hospital Mortality Rates

MedisGroups (i.e., Atlas MQ)  MediQual Systems, Inc, West-
borough, Mass

Original version?'-23

Empirical version?*

Physiology Score 1 Patterned after the Acute Physi-
ology Score (APS) of the
Acute Physiology and
Chronic Health Evaluation

(APACHE), version 112627

Patterned after APS of
APACHE, version 1128.2°

Physiology Score 2

Disease Staging'8-2¢ SysteMetrics/MEDSTAT Group,
Santa Barbara, Calif

Mortality probability

Stage

Patient Management Cate- Pittsburgh Research Institute,
gories (PMCs)—Severity Pittsburgh, Pa
Score?s

Comorbidity Index Developed by Charlson et al.;
coded version patterned after

Deyo etal.?

All Patient Refined Diagnosis-
Related Groups (APR-
DRGs)'415

Refined Diagnosis-Related
Groups (R-DRGs)15:30.31

3M Health Information Systems,
Wallingford, Conn

Yale University refinement of
DRGs provided by Yale
Project Director Karen
Schneider, Health Systems
Consultants, New Haven,
Conn

Clinical variables

Clinical instability indicated by
in-hospital death
In-hospital death

12 clinical variables; in-hospital
mortality for patients in inten-
sive care unit

17 clinical variables; in-hospital
mortality for patients in inten-
sive care unit

Discharge abstract

Probability of in-hospital death

Stage of disease based on risk
of death or functional impair-
ment

Discharge abstract; in-hospital
morbidity and mortality

Discharge abstract; risk of

death within 1 year of medical

hospitalization

Discharge abstract; total
hospital charges

Discharge abstract; length of
hospital stay, total hospital
charges

Data Used and
System Source/Vendor Definition of Severity Classification Approach
Clinical data—based methods

Admission score 0, 1, 2, 3, or 4

Probability ranging from 0 to 1

Integer score starting with 0;
APACHE II's APS ranges
from 0 to 60

Integer score starting with 0;
APACHE lII's APS ranges
from 0 to 252

Discharge abstract-based methods: methods with a clinical definition of severity

Probability ranging from 0 to 1
Three stages (1.0, 2.0, and 3.0)
with substages within each

stage

Scoreof1,2,3,4,5,6,0r7

Integer from additive scale
representing number and
severity of comorbidities

Discharge abstract-based methods: methods with a resource-based definition of severity

Four severity classes (A, B, C,
D) within adjacent DRGs?

Three severity classes (B, C, D)
within adjacent medical
DRGs?; “early” deaths
grouped in lowest severity
class

aAdjacent DRGs are formed by grouping individual DRGs previously split by complications and comorbidities.

are needed. Here, we consider a single
question reflecting one way these mea-
sures are used around the country. We
employed “off-the-shelf” severity mea-
sures (Table 1) to construct risk-adjusted
predictions of in-hospital deaths and
asked the following question: does choice
of severity measure affect which hospitals
are seen as having lower- or higher-than-
expected death rates?

Methods

Severity Measures

We examined 10 measures (Table 1)
representative of approaches used in
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comparing hospital mortality rates around
the country*”’ (we did not consider mea-
sures developed primarily for clinical or
health services research). The two Medis-
Groups and two physiology scores use
clinical data abstracted from medical
records. Six measures rate patients with
standard data from hospital discharge
abstracts,>% such as age, sex, and diag-
noses and procedures coded with the
International Classification of Diseases, 9th
Revision, Clinical Modification (ICD-9
CM). The discharge abstract-based mea-
sures have either clinical or resource-
based definitions of severity (Table 1).
Even resource-derived measures are some-

times employed to look at mortality,*
although these uses are rarely published
in scholarly settings (e.g., they are con-
ducted by proprietary health care informa-
tion companies who sell results to hospi-
tals). Measures assign either numerical
scores or values on a continuous scale
(Table 1).

Database

To assign severity scores, computer-
ized algorithms were applied to a data file
extracted from the 1992 MedisGroups
Comparative Database, containing the
clinical information collected on hospital-
ized patients with MedisGroups’ data
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TABLE 2—Examples of Relative Mortality Performance for Five Hospitals: Ranks by Unadjusted Death Rates and by z Scores
Associated with Observed-to-Expected Death Rates Calculated by Different Severity Methods

Severity Adjustment

Hospital
A B D E
No. died/total no. cases 22/204 38/246 24/130 20/106 43/224
Death rate, % 10.8 15.4 185 18.9 19.2
Decile rank by unadjusted death rate? 3 8 9 9 10
z score (decile rank by z score)®
MedisGroups—Original -2.82(1) -1.14 (2) 1.83 (10) 0.53 (7) 2.26 (10)
MedisGroups—Empirical —-2.04 (1) -255(1) 1.75 (10) 0.95 (8) 2.66 (10)
Physiology Score 1 -3.05 (1) -1.99 (1) 2.38 (10) 1.19 (8) 2.70 (10)
Physiology Score 2 -297(1) -1.79 (2) 2.56 (10) 0.23 (6) 3.15(10)
Disease Staging—PR —1.04 (3) -2.54 (1) 0.88 (7) 3.08 (10) 1.32(9)
Disease Staging—stage -1.13(3) -1.75(1) 1.29 (9) 1.71 (9) 1.54 (9)
PMCs—Severity Score -2.27(1) -1.90 (1) 0.67 (7) 2.86 (10) 1.12 (8)
Comorbidity Index -1.72 (1) —0.50 (4) 1.71 (10) 1.49 (9) 2.20 (10)
APR-DRGs -2.13(1) -3.15(1) 1.05 (8) 2.12 (10) 1.73 (9)
R-DRG -1.67 (1) 0.39 (7) 1.45 (9) 1.17 (9) 3.41 (10)

highest 10%.

Note. APR-DRGs = All Patient Refined Diagnosis-Related Groups; Disease Staging—PR = Disease Staging mortality probability; PMCs—Severity Score =
Patient Management Categories—Severity Score; R-DRG = Refined Diagnosis-Related Groups.
aDecile of rank of hospital by actual death rate, unadjusted for age, sex, or patient severity of iliness. 1 = death rate in the lowest 10%; 10 = death rate in the

Decile of rank of z score. 1 = z score in the lowest 10%; 10 = z score in the highest 10%.

collection protocol.*#2 Hospitals using
MedisGroups provide these data to its
vendor, MediQual Systems. The 1992
MedisGroups Comparative Database is a
subset of a larger file, containing all
calendar year 1991 discharges from 108
acute care hospitals chosen by MediQual
Systems for good data quality and variety
of characteristics.

Because of our interest in hospital-
level analyses, we eliminated eight institu-
tions with fewer than 30 eligible cases (83
patients total). Hospital characteristics
were taken from the American Hospital
Association annual survey.

MediQual Systems provided original
and empirical admission MedisGroups
scores; other scores had to be assigned.
The MedisGroups database includes val-
ues of key clinical findings from the
admission period (generally the first 2
hospital days) abstracted from medical
records during MedisGroups reviews.2!-24
We used key clinical findings to create
physiology scores patterned after the
Acute Physiology and Chronic Health
Evaluation, Version Il (APACHE II) and
APACHE III by assigning weights speci-
fied by APACHE II and III (e.g., a pulse
of 145 beats/minute had a weight of 13
points for APACHE I11%) and summing
these weights to produce scores. We could
not exactly replicate APACHE II or III
Acute Physiology Scores because com-
plete values for required physiologic vari-
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ables were unavailable: MedisGroups
truncated data collection in broadly de-
fined normal ranges.** Previous research
demonstrated that these derived physiol-
ogy scores performed well compared with
actual APACHE II scores.*

The MedisGroups database also con-
tains standard discharge abstract informa-
tion listed by hospitals, including up to 20
ICD-9 CM discharge diagnosis codes and
50 ICD-9 CM procedure codes. We
assigned a code-based version of the
Charlson comorbidity index,!'s using an
approach adapted from Deyo et al.l’
Other severity scoring was performed by
the vendors (Table 1). Based on their
specifications, we supplied computer files
containing necessary discharge abstract
data elements from the MedisGroups
database. Vendors applied their severity
software and returned the data to us after
scoring.

Study Sample and Outcome Measure

Many managed care evaluations and
statewide initiatives (e.g., Pennsylvania®)
examine patients within diagnosis-related
groups (DRGs).* To parallel these ap-
proaches, we selected patients hospital-
ized for medical treatment of a new acute
myocardial infarction defined by DRGs.
We chose acute myocardial infarction
because it is common and has relatively
high death rates. All patients had either a
principal or secondary five-digit ICD-9

CM discharge diagnosis code beginning
with 410 (acute myocardial infarction)
and ending with 1 (initial treatment). By
including patients with a fifth digit of 1, we
felt reasonably comfortable that patients
had a new infarct (prior coding guidelines
did not distinguish distant acute myocar-
dial infarctions from new events®; these
rules changed in October 1989). We
included patients in DRGs 121 (circula-
tory disorders with acute myocardial in-
farction and cardiovascular complication,
discharged alive), 122 (circulatory disor-
ders with acute myocardial infarction
without cardiovascular complication, dis-
charged alive), and 123 (circulatory disor-
ders with acute myocardial infarction,
expired).

Our outcome measure was in-hospi-
tal death. The MedisGroups data did not
contain information on deaths after dis-
charge.

Analytic Methods

Using each severity measure, we
calculated a predicted probability of death
for each patient in the sample from a
multivariable logistic regression model
including the severity score and dummy
variables representing a cross-classifica-
tion of patients by sex and eight age
categories (18-44, 45-54, 55-64, 65-69,
70-74, 75-79, 80-84, and 85 years of age
or older). Severity scores were entered as
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TABLE 3—Number of Times That Pairs of Severity Methods Agreed on Flagging Hospitals as among the 10 Worst

MG-O MG-E PS1 PS2 DS-PR DS-ST PMCs-SS CM APR-DRG R-DRG Unadj
MG-O 10 8 8 8 4 7 7 8 6 7 7
MG-E 10 8 10 3 6 5 6 4 5 6
PS 1 10 8 4 6 6 8 5 7 7
PS2 10 3 6 5 6 4 5 6
DS-PR 10 6 5 4 5 3 4
DS-ST 10 7 5 6 5 6
PMCs-SS 10 6 9 6 6
CM 10 6 8 8
APR-DRG 10 5 6
R-DRG 10 6
Unadj 10

Note. Figures are numbers of hospitals flagged by both methods. Number of hospitals on which pairs of methods agreed and associated « value: 3, k = .22;
4,k =.33,5k=.44,6,x = .56; 7,k = .67, 8,k = .78, 9, k = .89; 10, x = 1.00. MG-O = original version of MedisGroups; MG-E = empirical version of
MedisGroups; PS 1 and PS 2 = Physiology Scores 1 and 2; DS-PR = Disease Staging mortality probability; DS-ST = Disease Staging stage; PMCs-SS =
Patient Management Categories—Severity Score; CM = Comorbidity Index; APR-DRG = All Patient Refined Diagnosis-Related Groups; R-DRG = refined
Diagnosis-Related Groups; Unadj = actual mortality rate, unadjusted for age, sex, or severity of iliness.

TABLE 4—Number of Times That Pairs of Severity Methods Agreed on Flagging Hospitals as among the 50 Best

MG-O MG-E PS 1 PS2 DS-PR DS-ST PMCs-SS CM APR-DRG R-DRG Unadj
MG-O 50 42 44 43 39 41 40 42 39 41 40
MG-E 50 42 45 38 42 39 42 41 39 38
PS 1 50 43 34 39 38 41 39 42 38
PS 2 50 39 41 40 42 40 41 38
DS-PR 50 43 40 38 39 39 40
DS-ST 50 42 42 42 42 43
PMCs-SS 50 42 45 40 39
CM 50 40 42 42
APR-DRG 50 38 38
R-DRG 50 42
Unadj 50

Note. Figures are numbers of hospitals flagged by both methods. Number of hospitals on which pairs of methods agreed and associated « value: 34, k = .36;
38, k = .562; 39, k = .56; 40, k = .60; 41, k = .64; 42, k = .68; 43, k = .72; 44, k = .76; 45, k = .80. MG-O = original version of MedisGroups; MG-E =
empirical version of MedisGroups; PS 1 and PS 2 = Physiology Scores 1 and 2; DS-PR = Disease Staging mortality probability; DS-ST = Disease Staging
stage; PMCs-SS = Patient Management Categories—Severity Score; CM = Comorbidity Index; APR-DRG = All Patient Refined Diagnosis-Related

Groups; R-DRG = refined Diagnosis-Related Groups; Unadj = actual mortality rate, unadjusted for age, sex, or severity of iliness.

either continuous or categorical variables
(Table 1). For measures with predicted
probabilities of death as scores, we used
the logit of the probability as the indepen-
dent variable in logistic regressions. For
severity measures producing continuous
scores, additional analyses were per-
formed grouping the continuous scores
into 8 to 12 categories entered as dummy
variables. We present only findings from
the continuous-score models because re-
sults were generally similar. To establish a
baseline, we report results from a model
with only age-sex dummy variables.

Hospital-Level Analyses

For each severity measure, we calcu-
lated the expected number of deaths and
variance for each of the 100 hospitals. To
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interpret the observed hospital death
rates, we calculated a z score for each
hospital as follows: z = (observed death
rate — expected death rate)/(standard er-
ror of this difference). We ranked hospi-
tals from lowest (fewer deaths than
expected) to highest (more deaths than
expected) based on these z scores.

We sought to recreate approaches
used commonly in report cards>’—
identifying statistical outliers, or groups of
either particularly problematic or good
hospitals. We chose three approaches:

1. Whether the hospital was among
the worst 10% (10 highest z scores).

2. Whether the hospital was among
the best 50% (50 lowest z scores).

3. Whether the hospital was a sta-
tistical outlier (z scores of greater

than 2 or less than —2, indicating
significantly higher or lower num-
bers of deaths observed than ex-
pected).

For each hospital performance measure,
a severity measure either flagged a hospi-
tal (e.g., identified it as among the worst
10%) or did not. We counted how often
pairs of severity measures agreed about
flagging hospitals. For each pair of sever-
ity measures, we calculated a kappa
statistic based on whether individual
hospitals were flagged by one, both, or
neither of the two severity measures.
Kappa values below 0.4 are interpreted as
poor to fair agreement and above 0.7 as
excellent.*” Unadjusted hospital mortality
rates were included in these pairwise
comparisons.
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TABLE 5—Measures of Model Performance for Predicting In-Hospital Death and Percentage of Patients Who Died in the Top
Two and Bottom Two Deciles of Predicted Probability of Death

% Patients Who Died, by Decile Rank Based on
Predicted Probability of Death

System ¢ (95% Cl) R2(95% Cl) 1 2 9 10

MedisGroups

Original version .80 (.80, .81) 17 (.15, .18) 0.5 1.9 24.4 46.0

Empirical version .83 (.83, .85) .23 (.21, .25) 05 1.3 259 53.7
Physiology Score 1 .82 (.81, .83) .18 (.16, .20) 0.3 1.4 28.3 46.9
Physiology Score 2 .83 (.82, .84) .23 (.21, .25) 0.3 1.3 23.8 54.7
Disease Staging

Mortality probability .86 (.85, .87) .27 (.25, .29) 0.3 0.4 26.7 58.4

Stage .79 (.78, .80) 17 (.15, .18) 1.4 29 221 49.7
PMCs—Severity Score .82 (.81, .83) .18 (.16, .19) 0.2 0.8 27.3 47.3
Comorbidity Index .70 (.69, .72) .06 (.05, .07) 1.4 4.0 245 26.3
APR-DRGs .84 (.83, .85) .20 (.18, .21) 0.0 0.9 36.3 45.0
R-DRGs .80 (.78, .81) 15 (.14, .17) 1.0 1.9 29.6 422
Age and sex, interacted .69 (.68, .70) .05 (.05, .06) 1.4 4.3 23.2 25.6

Note. APR-DRGs = All Patient Refined Diagnosis-Related Groups; PMCs—Severity Score = Patient Management Categories—Severity Score; R-DRGs =
Refined Diagnosis-Related Groups; Cl = confidence interval.

Statistical Performance Measures

To understand better the results of
the pairwise comparisons, we explored
whether severity measures with similar
predictive power at the individual patient
level agreed better. We used the ¢
statistic®** and R?, commonly reported
overall measures of statistical perfor-
mance.’! To create 95% confidence inter-
vals around these statistics, we replicated
analyses (i.e., fitting the models and
calculating performance measures) 80
times using bootstrapping techniques.*?
We also checked for model overfitting
using split sample cross-validation.> After
randomly splitting the data into two
subsamples of equal size, we fit each
model to each half of the data and
computed “validated” statistics (c and R?)
based on these models applied to the
opposite half. We averaged these two
validated statistics to produce each mod-
el’s cross-validated statistics.

To examine model discrimination,
we ranked patients by their predicted
probability of death based on each multi-
variable model. We then divided patients
into deciles based on increasing predicted
probability of death and report actual
death rates among patients in the top and
bottom two deciles.

We also calculated two correlation
coefficients for each pair of severity
measures: the correlation between the
predicted probabilities of death at the
individual patient level and the corre-
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lation between z scores at the hospital
level.

Results

We studied 11 880 patients from 100
hospitals, with 1574 (13.2%) in-hospital
deaths. Patients ranged from 19 to 103
years of age, with a mean age of 68.3
(SD = 13.3) years; 58.1% of patients were
male. Length of stay averaged 7.7
(SD = 5.5) days. Ample numbers of diag-
nosis codes were generally present for
rating severity of illness, with a mean of
5.6 (SD = 3.0) diagnosis codes per pa-
tient. Only 4.2% of patients had 1
discharge diagnosis; 43.4% had more than
5 diagnosis codes, and 10.2% had 10 or
more.

The mean number of patients per
hospital was 118.8, with a median of 100
and a range of 33 to 340 patients. The 100
hospitals were generally larger and more
involved in teaching than other general
acute care institutions nationwide.*! In
the sample, 42 hospitals had more than
300 beds; 14 had less than 100 beds. Only
three were public, whereas 96 were
private nonprofit; 80 were urban. Thirty-
nine had approved residency training
programs, and 15 were members of the
Council of Teaching Hospitals.

Relative Hospital Performance

Unadjusted mortality rates ranged
from 4.8% to 26.4% for the 100 hospitals.

After adjusting for age, sex, and severity
of illness, 65 facilities had observed
mortality rates that were similar to ex-
pected rates according to all 10 severity
measures. Three hospitals had mortality
rates that differed significantly from ex-
pected rates according to all 10 severity
measures, two with lower rates and one
with a higher rate.

For 32 hospitals, observed mortality
rates differed significantly from expected
rates when judged by 1 or more, but not
all 10, severity measures. Sometimes these
differences were primarily technical (all
10 z scores occupied narrow bands sur-
rounding —2 or 2), but often differences
were substantial. Table 2 shows examples
of five such hospitals. For instance, 15.4%
of hospital B’s patients died, ranking it in
the 8th decile based on its observed death
rate (hospitals in decile 1 had the 10%
lowest unadjusted death rates). Three
measures found significantly fewer deaths
than expected at hospital B, ranking it
among the 10% of facilities with the
lowest adjusted mortality rates. The other
seven severity measures found that hospi-
tal B’s observed death rate was similar to
expected, ranking it from the 1st to 7th
deciles by z scores.

Tables 3 and 4 show details of
comparisons between severity measures
on whether hospitals were among the
10% worst or 50% best, indicating the
number of hospitals on which agreement
occurred; kappa values resulting from
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each comparison are shown in footnotes
to these tables. The clinical data-based
measures tended to agree. The only
code-based measure with systematically
good agreement with the clinical data-
based measures was the Comorbidity
Index. The code-based measures varied in
their level of agreement with each other.
The amount of agreement between the
severity measures and the unadjusted
model was similar to that between most
pairs of severity measures.

On average, individual severity mea-
sures identified about 15% of the hospi-
tals as statistical outliers. If 10 measures
each independently assign outlier flags to
15 of 100 hospitals, more than 70 would
have at least one flag (expected = 80.3;
SD < 4). In contrast, if all 10 methods
measure the same thing, then 15 identical
hospitals would receive 10 outlier flags. As
noted, 32 hospitals were flagged as
outliers by at least one of the methods,
suggesting imperfect but substantial agree-
ment. Kappa analyses showed fair to
good agreement across pairs of measures.
The average k associated with comparing
outlier status determined by the severity
measures with outlier status determined
by the unadjusted death rates was 0.53.

Statistical Performance
and Correlations

Statistical performance varied across
severity systems (Table 5). The c statistic
and R? values had tight confidence inter-
vals. Cross-validated ¢ and R? values were
never more than 0.01 smaller than fitted
values. Most models identified groups of
patients with very low and very high death
rates.

No consistent relationship appeared
between agreement among pairs of se-
verity measures on hospital rankings
(Tables 3 and 4) and the summary sta-
tistical performance measures (Table 5).
All Patient Refined Diagnosis-Related
Groups (APR-DRGs) and Disease Stag-
ing’s probability models, which had
the highest ¢ statistics, demonstrated
low agreement in identifying the 10%
worst hospitals, agreeing on only five
(x = 0.44). Despite relatively low sta-
tistical performance, the Comorbidity
Index and Refined Diagnosis-Related
Groups (R-DRGs) had much higher
agreement, identifying eight identical
hospitals (x = 0.78).

Three quarters of the correlation
coefficients between pairs of severity
measures for predictions of probability of
death at the individual patient level were
below 0.60; approximately 85% of these
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correlations were less than 0.70. Correla-
tions between 0.70 and 0.90 were ob-
served between the two versions of Medis-
Groups, between the two physiology
scores, and between the MedisGroups
scores and the physiology scores. Other
pairs of severity measures generally pro-
duced much lower correlations; for ex-
ample, the correlation between empirical
MedisGroups and the R-DRGs was 0.42.
In contrast, at the hospital level, differ-
ences in predictions for individual pa-
tients tended to average out. Therefore,
correlation coefficients at the hospital
level were higher: about three quarters
were above (.80, and one quarter were
above 0.90. At the hospital level, higher
correlations occurred among those pairs
of severity measures with higher correla-
tions at the individual patient level.

Discussion

Almost one third of the study hospi-
tals were viewed as having significantly
better or worse death rates than expected
with 1 or more, but not all 10, severity
measures. Many pairs of severity mea-
sures displayed only fair to good agree-
ment on hospital performance. Thus,
whether individual hospitals were identi-
fied as especially good or bad frequently
depended on the particular severity mea-
sure. Evaluations of hospital performance
based on in-hospital death rates for acute
myocardial infarction are therefore sensi-
tive to the severity-adjustment method.

Six severity measures relied on dis-
charge abstract data, and several had high
¢ and R? values: Disease Staging’s mortal-
ity probability measure and the APR-
DRGs had higher c statistics than either
version of MedisGroups and the physiol-
ogy scores. Given the respective data
sources on which these measures are
based, these results were not surprising.
Although the clinical data-based methods
used clinical findings only from the first 2
hospital days, the discharge data-based
measures reviewed all discharge diag-
noses regardless of when they occurred
(whether the condition was present on
admission or arose later during the hospi-
talization). Therefore, the ability of code-
based measures to predict in-hospital
deaths could result from their consider-
ation of catastrophic events, such as
cardiac arrest or cardiogenic shock, late in
the hospital stay. Preliminary analyses
supported this conjecture.*? For example,
6.0% of patients had the ICD-9 CM
cardiac arrest code; 60.4% of them died,
compared with 10.2% deaths among

patients without cardiac arrest coded.
Among patients viewed as sicker by
Disease Staging’s mortality probability
measure than by the empirical Medis-
Groups measure, 16.2% had cardiac
arrest coded, whereas cardiac arrest was
coded in only 0.4% of patients seen as
sicker by MedisGroups than by Discase
Staging.*2 These results suggest that codes
such as cardiac arrest are important in
discharge abstract-based severity ratings.

Given these findings, use of dis-
charge abstract data to judge quality—as
in hospital report cards—raises serious
concerns. Discharge diagnoses include all
conditions treated during the hospitaliza-
tion, even events occurring late in the stay
possibly due specifically to substandard
care.>% To draw conclusions about qual-
ity based on severity-adjusted outcomes, it
is essential to adjust only for preexisting
conditions, not those arising after hospital-
ization. If, for example, cardiac arrest
appears on the discharge abstract, it is
impossible to determine whether the
patient had cardiac arrest late in the stay
due to poor monitoring and care. Hospi-
tals also vary in coding intensity.5” Despite
these major drawbacks of discharge ab-
stract data, many states (e.g., California,
Connecticut, Florida, Ohio) and payers
used code-based methods to examine
hospital mortality rates. Typically, dis-
charge abstracts are the only data readily
available across institutions, and they are
inexpensive and computer readable. Re-
cently, for example, Iowa switched from
MedisGroups to APR-DRGs for their
hospital performance reports, largely
driven by concerns about MedisGroups’
data collection costs.

We included severity measures not
originally designed for mortality predic-
tion because they are nonetheless used for
this purpose. Hospitals or groups fre-
quently purchase a single severity mea-
sure, often at substantial expense, and
then use it for multiple activities. Using
R-DRGs for mortality prediction is par-
ticularly problematic because R-DRGs
assign all medical patients dying within 2
days of admission to a low-severity class
(they cost less than patients who live). In
our study, all of the 48.3% of the 1574
deaths occurring within 2 days were
assigned to Refined Diagnosis-Related
Group class 0. However, the R-DRGs are
used to examine hospital death rates. One
local example was a report card produced
by the Boston Globe to evaluate the
quality of Massachusetts hospitals.*® The
Boston Globe obtained the state’s hospital
discharge abstract data set, purchased the
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R-DRG software, and then compared
individual hospitals’ inpatient mortality
rates within severity levels defined by
R-DRGs to a state average. Because of
the R-DRGs’ handling of early deaths,
the Boston Globe dropped all patients
who died within 2 days from their analy-
sis—a strategy that clearly affects death
rate comparisons across hospitals.

We included the physiology scores
not specifically to examine APACHE
itself, but because of growing interest in
“minimum clinical data sets” containing a
small number of well-selected, clinical
variables that presumably would be less
expensive to collect than a large number
of variables. Some states and payers are
considering requiring routine reporting of
a handful of physiologic values. APACHE
weights represent one way to use these
physiologic variables. Physiology Scores 1
and 2 used 12 and 17 variables, respec-
tively. MedisGroups' data abstraction pro-
tocol considers over 200 clinical findings
regardless of patient diagnosis. The physi-
ology scores and the empirical version of
MedisGroups performed similarly; for
example, the empirical version of Medis-
Groups and Physiology Score 2 agreed on
the 10 worst hospitals. Therefore, at least
in cases of acute myocardial infarction, a
more parsimonious model (e.g., a physiol-
ogy score approach) would provide compa-
rable statistical power, provide similar
judgments about hospitals, and perhaps
cost less to implement.

Judgments about hospital perfor-
mance based on unadjusted mortality rates
agreed nearly as much with assessments by
severity measures as did judgments be-
tween pairs of severity measures. This
result implies that severity adjustment is
not useful. Unadjusted rates, however,
predict the same 13.2% chance of dying for
cach patient in every hospital, whereas
severity measures identified patients with
very different mortality risk (Table 5).
Therefore, the severity measures produce
information that could help interpret differ-
ent hospital death rates. For example,
reviewers may feel differently about deaths
in low-risk vs high-risk patients. In addition,
regardless of its statistical impact, severity
adjustment is essential to initiating a dia-
logue with physicians about patient death
rates. Otherwise, physicians whose patients
dic at relatively higher rates will argue,
perhaps with good reason, “But my pa-
tients are sicker.”>*

The results presented here pertain
only to acute myocardial infarction pa-
tients. We replicated these analyses in two
other medical conditions with relatively
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high in-hospital mortality—pneumonia3
and stroke¥—and one surgical condi-
tion—coronary artery bypass graft.*! Al-
though there were important similarities
across conditions, there were also differ-
ences. For the medical conditions, mortal-
ity performance varied depending on
which severity measure was used for
around 30% of the hospitals, but for
coronary artery bypass graft few differ-
ences across severity measures appeared
important. Especially for coronary artery
bypass graft, hospital rankings based on
observed death rates were generally un-
changed after severity adjustment. The
specific severity measures involved in the
majority of disagreements about flagging
outlier hospitals varied somewhat across
conditions; for example, in cases of stroke,
Disease Staging’s mortality probability
method most often disagreed with other
severity measures, and in cases of pneumo-
nia, the empirical version of MedisGroups
disagreed the most.

Findings relating to statistical perfor-
mance also varied across conditions. For
example, as in cases of acute myocardial
infarction, code-based measures had better
¢ statistics than the clinical data-based
measures for coronary artery bypass graft
patients; in cases of coronary artery bypass
graft, the best c value was 0.85 for R-DRGs
followed by 0.83 for APR-DRGs, com-
pared with 0.74 for the empirical version of
MedisGroups and 0.73 for the original
version of MedisGroups and Physiology
Scores 1 and 2.4 In contrast, somewhat in
cases of pneumonia and especially in cases
of stroke, the clinical data-based methods
outperformed the code-based measures.
With pneumonia, the highest ¢ value was
0.85 for the empirical version of Medis-
Groups, followed by 0.83 for R-DRGs and
0.82 for Physiology Score 2.% With stroke,
the best ¢ statistic was 0.87 for the empirical
version of MedisGroups followed by 0.84
for Physiology Score 2; the performance of
the code-based methods was disappointing
(e.g., 0.77 for APR-DRGs and 0.74 for
Disease Staging mortality probability and
R-DRGs).*

This study has important limitations.
The 1992 MedisGroups database contains
information only from MedisGroups us-
ers and hospitals in states requiring
MedisGroups. Independent information
about data reliability was not available.
The clinical information in the data set
was specifically gathered for Medis-
Groups scoring, giving MedisGroups a
possible advantage in evaluating statistical
performance. The MedisGroups data con-
tained information on only in-hospital

Severity Adjustment

deaths. This situation is typical (although
the Medicare program’® and several states
keep data on out-of-hospital deaths, this
information is rarely available elsewhere).
Postdischarge mortality information is
useful because it allows one to hold
constant the window of observation (e.g.,
at 30 days after hospital admission). This
constancy is critical when comparing
mortality across providers with differing
discharge practices.”® For our research
question, however, we have no reason to
expect that our findings (perceptions
about risk-adjusted mortality rates may
differ by how severity is measured) would
change for 30-day mortality.

Our results suggest that judgments
about hospital performance based on
severity-adjusted mortality can be sensi-
tive to the severity measure. The 10
severity measures agreed about relative
hospital performance more often than if
judgments were completely independent.
Nonetheless, for an individual hospital,
perceptions of mortality performance
could vary according to different severity
adjustment methods. A comprehensive
evaluation of the relative merit of severity
measures is beyond the scope of a single
article. However, these findings raise
important questions for report card ef-
forts to judge hospital performance by
using severity-adjusted death rates. Be-
cause of the uncertainty surrounding the
clinical meaning of severity-adjusted hos-
pital mortality rates, it is important to
weigh what actions may reasonably be
founded on this information (e.g., deci-
sions about contracting with particular
hospitals, designating selected facilities as
preferred providers). Using this informa-
tion to guide punitive actions against
providers is not indicated until its mean-
ing is clearer. Even if data appear method-
ologically sound, publicity surrounding the
release of provider-specific findings can
have untoward consequences (e.g., hospi-
tals and physicians avoiding high-risk pa-
tients).%-2 In addition, with the exception
of a few studies primarily involving Medi-
care patients®*% and some that showed
different results across different diseases,*
there is little evidence that mortality rates
are valid measures of hospital quality. [J
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Internet Web Site Established for Multidisciplinary Health Care Information

GeoHealthWeb, an international multidisciplinary web
site offering a full range of health care information and
networking for health care consumers, professionals, educa-
tors, and business people, has been established on the Internet.
A nonprofit service of the National Center for Computer
Education and Research in Healthcare (NCCERH) at the St.
Louis College of Pharmacy, GeoHealthWeb provides the first
free communication marketplace where virtually any kind of
health care information is available with only a computer and
modem.

GeoHealthWeb is designed to serve the educational,
professional, and informational needs of consumers, physicians,
pharmacists, nurses, and allied health care professionals on a
global scale. Users pay no fee to register for this service, yet are

able to take advantage of a broad range of information and
services. Included among GeoHealthWeb’s sponsors and partici-
pating organizations are approximately 80% of the national
pharmacy and health care associations in Canada and the United
States, and many health care providers and related businesses.

GeoHealthWeb can be previewed now. As a World Wide
Web application on the Internet, the universal resource locator
(URL) address for GeoHealthWeb is < http://geohealthweb.
com>>.

For further information about GeoHealthWeb, contact
Renato Cataldo, Jr., PharmD, Director of Microcomputer
Applications and Associate Professor of Pharmacy Administra-
tion, NCCERH, St. Louis College of Pharmacy, 4588 Parkview
Place, St. Louis, MO 63110; e-mail renato@slcop.stlcop.edu.
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