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HEART FAILURE CAUSES CON-
siderable morbidity and
mortality and is respon-
sible for a tremendous bur-

den on the health care system in the
United States.1 It accounted for ap-
proximately 1 million hospital dis-
charges in 2001, an increase of 164%
since 1979, and is associated with an
overall annual cost of nearly $29 bil-
lion.1 Reported in-hospital mortality
ranges from as low as 2.3% among pa-
tients enrolled in clinical trials to 19%
in referral hospital series.2,3

Despite this dramatic increase in the
public health burden of hospitaliza-
tion for heart failure, models for the risk
stratification of patients during admis-
sion for acute decompensated heart fail-
ure (ADHF) are not well established.
Clinical risk prediction tools may be
helpful in guiding medical decision
making. Patients estimated to be at a
lower risk may be managed with less
intensive monitoring and therapies
available on a telemetry unit or hospi-
tal ward, whereas a patient estimated
to be at a higher risk may require more
intensive management in an intensive
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Context Estimation of mortality risk in patients hospitalized with acute decompen-
sated heart failure (ADHF) may help clinicians guide care.

Objective To develop a practical user-friendly bedside tool for risk stratification for
patients hospitalized with ADHF.

Design, Setting, and Patients The Acute Decompensated Heart Failure National
Registry (ADHERE) of patients hospitalized with a primary diagnosis of ADHF in 263
hospitals in the United States was queried with analysis of patient data to develop a
risk stratification model. The first 33 046 hospitalizations (derivation cohort; October
2001-February 2003) were analyzed to develop the model and then the validity of
the model was prospectively tested using data from 32 229 subsequent hospitaliza-
tions (validation cohort; March-July 2003). Patients had a mean age of 72.5 years and
52% were female.

Main Outcome Measure Variables predicting mortality in ADHF.

Results When the derivation and validation cohorts are combined, 37 772 (58%)
of 65 275 patient-records had coronary artery disease. Of a combined cohort con-
sisting of 52 164 patient-records, 23 910 (46%) had preserved left ventricular sys-
tolic function. In-hospital mortality was similar in the derivation (4.2%) and valida-
tion (4.0%) cohorts. Recursive partitioning of the derivation cohort for 39 variables
indicated that the best single predictor for mortality was high admission levels of
blood urea nitrogen (�43 mg/dL [15.35 mmol/L]) followed by low admission sys-
tolic blood pressure (�115 mm Hg) and then by high levels of serum creatinine
(�2.75 mg/dL [243.1 µmol/L]). A simple risk tree identified patient groups with
mortality ranging from 2.1% to 21.9%. The odds ratio for mortality between
patients identified as high and low risk was 12.9 (95% confidence interval, 10.4-
15.9) and similar results were seen when this risk stratification was applied prospec-
tively to the validation cohort.

Conclusions These results suggest that ADHF patients at low, intermediate, and high
risk for in-hospital mortality can be easily identified using vital sign and laboratory data
obtained on hospital admission. The ADHERE risk tree provides clinicians with a vali-
dated, practical bedside tool for mortality risk stratification.
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or coronary care unit. Previous stud-
ies, generally based on outpatients with
chronic heart failure, have identified a
number of variables that are associ-
ated with increased mortality, includ-
ing etiology,4 patient age,5 clinical
assessment at the time of hospitali-
zation,4 cardiothoracic ratio,5,6 peak
oxygen consumption,6 left ventricular
ejection fraction,6 serum sodium con-
centration,5 serum creatinine concen-
tration,4,5 and B-type natriuretic pep-
tide concentration.7

In contrast, several factors have lim-
ited the development of similar mod-
els in patients with ADHF. Lack of a
consistent definition of ADHF, differ-
ent nomenclature to describe its clini-
cal features, incomplete data available
in administrative data sets, and vary-
ing statistical methods have hindered
the development of risk stratification
tools.8-10 Consequently, unlike acute
coronary syndromes, in which several
systems have been developed for risk
stratification,11-17 no clinically practi-
cal method of risk stratification exists
for patients hospitalized with ADHF.

The objective of the present analysis
was to develop and validate a practical
and user-friendly method of risk strati-
fication for in-hospital mortality among
patients admitted with ADHF that could
be applicable to routine clinical prac-
tice. Data used to model risk were taken
from the Acute Decompensated Heart
Failure National Registry (ADHERE)
.18,19 This registry collects detailed hos-
pitalization data from initial presenta-
tion in the hospital or emergency
department until discharge, transfer, or
in-hospital death.19 As an observa-
tional database, these data reflect cur-
rent real-world treatment patterns and
in-hospital clinical outcomes for pa-
tients hospitalized with ADHF.

METHODS
The ADHERE registry contains data on
patients hospitalized with ADHF in 263
community, tertiary, and academic cen-
ters from all regions of the United
States.20 For the purpose of the regis-
try, ADHF is defined as new-onset de-
compensated heart failure or decom-

pensation of chronic, established heart
failure with symptoms sufficient to war-
rant hospitalization. The design, meth-
ods, and patient characteristics in the
ADHERE registry have been described
previously.20 Briefly, medical records are
reviewed by trained abstractors at par-
ticipating study sites and data from
consecutive eligible male and female
patients aged 18 years or older at the
time of hospitalization are entered into
the registry using an electronic case re-
port form incorporating real-time
validity checking.19,20 These data in-
clude demographic information, medi-
cal history, baseline clinical character-
istics, initial evaluation, treatment
received, procedures performed, hospi-
tal course, and patient disposition.18-20

Standardized definitions are used for all
patient-related variables, clinical diag-
noses, and hospital outcomes.21

Institutional review board approval
is required for all participating cen-
ters; however, informed consent of
individuals is not required for registry
entry.19,20 To preserve patient confiden-
tiality, direct patient identifiers are not
collected. Data are reported only in ag-
gregate format. Therefore, registry en-
tries reflect individual hospitalization
episodes, not individual patients, and
multiple hospitalizations of the same
patient may be entered into the regis-
try as separate records.

The current analysis is based on the
initial 65 275 patient-records entered
into the registry. For this analysis, pre-
dictors of in-hospital mortality were de-
termined from an initial derivation co-
hort consisting of data from October
2001 to February 2003 (33 046 hospi-
talizations). These data were subjected
to classification and regression tree
(CART) analysis to identify the best pre-
dictors of in-hospital mortality and de-
velop the risk stratification model. The
validity of this model was then indepen-
dently assessed using data from the sec-
ond validation cohort, consisting of the
subsequent 32 229 hospitalization epi-
sodes (March 2003 to July 2003).

Admission and/or medical staff re-
corded race/ethnicity, usually as the pa-
tient was registered, using hospital-

defined race/ethnicity. Patients were
assigned to only 1 race/ethnicity cat-
egory. Prior studies in patients hospi-
talized with heart failure have sug-
gested different mortality risk based on
race/ethnicity. Race/ethnicity was also a
significant univariate predictor of in-
hospital mortality in the ADHERE deri-
vation cohort. Race/ethnicity was thus
included as one of the 39 variables for
CART and logistic regression analysis.

Model Development

The CART method is an empirical, sta-
tistical technique based on recursive par-
titioning analysis.22-24 Unlike multivari-
able logistic regression, it is well suited
to the generation of clinical decision
rules.23,24 Furthermore, because it does
not require parametric assumptions, it
can handle numerical data that are
highly skewed or multimodal and cat-
egorical predictors with either an ordi-
nal or nonordinal structure.23,24 The
CART method involves the segrega-
tion of different values of classification
variables through a decision tree com-
posed of progressive binary splits. Ev-
ery value of each predictor variable is
considered as a potential split, and the
optimal split is selected based on impu-
rity criterion (the reduction in the re-
sidual sum of squares due to a binary
split of the data at that tree node). When
missing values are encountered in con-
sidering a split, they are ignored and the
probability and impurity measures are
calculated from the nonmissing values
of that variable. Each parent node in the
decision tree produces 2 child nodes,
which in turn can become parent nodes
producing additional child nodes. This
process continues with both tree build-
ing and pruning until statistical analy-
sis indicates that the tree fits without
overfitting the information contained in
the data set.23 As a result, CART analy-
sis produces decision trees that are
simple to interpret and may be applied
at the bedside.

An open-source adaptation of the
CART algorithm (tree library in S-
PLUS, version 6.0, Insightful Corp, Se-
attle, Wash) was used to analyze 39 po-
tential clinical variables of interest in the
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derivation cohort (TABLE 1). These vari-
ables were selected from 80 variables col-
lected in the ADHERE registry by vir-
tue of predicting in-hospital mortality on
univariate analysis or having been iden-
tified inpreviouspublishedstudiesas risk

factors for mortality. Nodes in the CART
tree were constrained to have a mini-
mum size of 800 records in parent nodes
and 400 records in final child nodes. A
10-fold cross-validation was used to as-
sess the predictive ability of the tree

model. Mortality was calculated for each
of the terminal nodes in the CART tree
and used to generate the risk stratifica-
tion model. The predictive value of this
model was then assessed by determina-
tion of mortality odds ratios (ORs) and
95% confidence intervals (CIs) be-
tween risk groups.

Model Validation

The ability of the derived risk tree to
identify ADHF patients at low, inter-
mediate, and high risk for in-hospital
mortality was tested. The patients from
the validation cohort were classified
into risk groups based on the CART
tree. Mortality for these risk groups and
the mortality ORs and 95% CIs be-
tween risk groups were determined and
these data were compared with those
of the derivation cohort.

Finally, a multivariate logistic re-
gression model was constructed from
the derivation cohort (logistic proce-
dure in SAS version 8.2, SAS Institute
Inc, Cary, NC), tested in the valida-
tion cohort, and the accuracy of the
CART and logistic regression models
was compared using area under re-
ceiver operating characteristic curves in
the derivation and validation cohorts.

RESULTS
Baseline characteristics and main out-
comes of the 33 046 hospitalization
episodes used to develop the model
(derivation cohort) and the 32 229 hos-
pitalization episodes used to test the
model (validation cohort) are shown in
TABLE 2 and TABLE 3. The derivation
and validation cohorts were similar with
respect to age at admission; sex distri-
bution; heart failure history; medical
history; and clinical symptoms, vital
signs, and laboratory values (Table 2).
Clinical outcomes were also similar be-
tween the 2 cohorts (Table 3).

Of the 39 variables evaluated, the
CART method identified blood urea
nitrogen (BUN) level of 43 mg/dL or
higher (�15.35 mmol/L) at admission
as the best single discriminator between
hospital survivorsandnonsurvivors.The
next best predictor of in-hospital mor-
tality in both the higher and lower BUN

Table 1. Variables Tested for Their Predictive Potential for In-Hospital Mortality

Variable
Records in Derivation Data Set

With Missing Data, %

Demographics
Age 0

Sex 0

Height 47.6

Weight 15.1

Race/ethnicity 0

Primary insurance* 0.8

Heart failure history
Prehospital 0

Ischemic etiology 0

Baseline NYHA class 91.7

NYHA class at presentation 90.1

Medical history
Coronary artery disease 0

Prior myocardial infarction 0

Prior revascularization 0

Atrial fibrillation 0

Congestion (first x-ray) 10.1

Chronic obstructive pulmonary disease 0

Chronic renal insufficiency 0

Diabetes 0

Duration of symptoms 19.3

Fatigue 0

Hyperlipidemia 0

Hypertension 0

Peripheral edema 0

Peripheral vascular disease 0

Rales 0

Stroke/transient ischemic attack 0

Ventricular tachycardia/ventricular fibrillation 0

Laboratory values
B-type natriuretic peptide 81.9

Blood urea nitrogen† 2.2

Cardiac enzymes 44.6

Creatinine† 2.1

Dyspnea at rest 0

Hemoglobin 4.0

QRS duration �120 ms 16.2

Qualitative LVEF: prehospital or initial evaluation 20.1

Sodium 2.2

Initial vital signs
Diastolic blood pressure 0.5

Systolic blood pressure† 0.8

Heart rate 0.7
Abbreviations: LVEF, left ventricular ejection fraction; NYHA, New York Heart Association.
*Main insurance company covering the patient’s hospital admission (eg, Medicare, Medicaid, commercial [fee for ser-

vice], health maintenance organization, Veterans Administration, self-pay).
†Strongest predictors of in-hospital mortality.
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nodes was systolic blood pressure (SBP)
at a discrimination level of less than 115
mm Hg. For the node with patients hav-
ing a BUN level of 43 mg/dL or higher
(�15.35 mmol/L) and SBP of less than
115 mm Hg, a serum creatinine level of
2.75 mg/dL or higher (�243.1 µmol/L)
provided additional prognostic value.
FIGURE 1 depicts the final tree gener-
ated by the CART analysis along with
the mortality data for each child node
of this tree. These branch points per-
mit patient stratification into 5 risk
groups:highrisk(BUNlevel�43mg/dL
[�15.35 mmol/L], SBP �115 mm Hg,
and creatinine level �2.75 mg/dL
[�243.1 µmol/L]), intermediate risk 1
(BUN level �43 mg/dL [�15.35 mmol/
L], SBP �115 mm Hg, and creatinine
level �2.75 mg/dL [�243.1 µmol/L]),
intermediate risk 2 (BUN level �43
mg/dL [�15.35 mmol/L] and SBP �115
mm Hg), intermediate risk 3 (BUN level
�43 mg/dL [�15.35 mmol/L] and SBP
�115 mm Hg), and low risk (BUN level
�43 mg/dL [�15.35 mmol/L] and SBP
�115 mm Hg). TABLE 4 summarizes the
clinical characteristics of patients in
these 5 risk groups. The mortality OR
between the high- and low-risk groups
was 12.9 (95% CI, 10.4-15.9), with sta-
tistically significant differences in mor-
tality risk detected between all risk
groups except intermediate risk groups
2 and 3 (TABLE 5). Although addi-
tional risk nodes involving additional
variables could be generated, they
offered little incremental risk discrimi-
nation.

The decision tree generated by CART
analysis of the derivation cohort was
tested for its ability to risk stratify pa-
tients in the validation cohort. This risk
tree was able to stratify patients into high,
intermediate, and low risk (FIGURE 2).
The mortality OR between the high-
and low-risk groups was 10.4 (95% CI,
8.4-13.0), with statistically significant
differences detected between all risk
groups except intermediate risk groups
2 and 3 (Table 4). These absolute mor-
tality rates, as well as the clinical char-
acteristics and mortality ORs between
risk groups, were similar to those of the
derivation cohort (Table 4 and Table 5)

Table 2. Demographic and Clinical Characteristics*

Derivation Cohort Validation Cohort

(n = 33 046) (n = 32 229)
Age, mean (SD), y 72.5 (13.9) 72.5 (14.0)
Female 17 204 (52) 16 584 (51)
Current smoker 4202 (13) 4162 (13)
Heart failure history 25 368 (77)† 24 027 (75)
Severity of ADHF‡

Mild 7352 (22) 7635 (24)
Moderate 15 208 (46) 14 828 (46)
Severe 10 486 (32) 9766 (30)

Clinical symptoms
Dyspnea 29 908 (91) 28 707 (89)
Peripheral edema 22 042 (67) 21 347 (66)
Rales 22 896 (69) 21 566 (67)

Blood pressure, mean (SD), mm Hg
Systolic 143.7 (32.6) 144.7 (32.5)
Diastolic 77.3 (20.0) 78.4 (20.2)

Laboratory values, mean (SD)
Blood urea nitrogen, mg/dL 32.2 (21.6) 31.5 (20.8)
Creatinine, mg/dL 1.8 (1.7) 1.8 (1.7)
Sodium, mEq/L 138.0 (5.0) 138.3 (4.8)
Hemoglobin, g/dL 12.5 (2.8) 12.4 (2.6)
QRS duration, ms 111.1 (50.2) 115.1 (42.3)

Medical history
Coronary artery disease 19 584 (59) 18 188 (56)
Renal insufficiency 9513 (29) 9603 (30)
Atrial fibrillation 10 129 (31) 9776 (30)
Diabetes 14 522 (44) 14 296 (44)
Hypertension 23 602 (71) 23 355 (72)
Hyperlipidemia 11 320 (34) 10 995 (34)
Peripheral vascular disease 5561 (17) 5834 (18)
COPD/asthma 10 132 (31) 9967 (31)
LVEF �40%§ 11 689 (44) 12 221 (47)

(n = 33 029) (n = 32 197)
Long-term medication use

ACE inhibitor 13 661 (41) 13 165 (41)
Angiotensin receptor blocker 3666 (11) 3815 (12)
Anti-arrhythmic 3717 (11) 3553 (11)
Aspirin 12 235 (37) 11 988 (37)
�-Blocker 14 814 (45) 15 353 (48)
Calcium channel blocker 7560 (23) 7369 (23)
Clopidogrel 2795 (8) 3305 (10)
Digoxin 9736 (29) 8807 (27)
Diuretics 23 370 (71) 22 314 (69)
Glitazone 1411 (4) 1554 (5)
Lipid-lowering agent 9864 (30) 9998 (31)
NSAID 2047 (6) 1712 (5)
Nitrate 9148 (28) 8450 (26)
Peripheral vasodilator 1721 (5) 1522 (5)
Warfarin 7629 (23) 7556 (23)

Abbreviations: ACE, angiotensin-converting enzyme; ADHF, acute decompensated heart failure; COPD, chronic ob-
structive pulmonary disease; LVEF, left ventricular ejection fraction; NSAID, nonsteroidal anti-inflammatory drug.

SI conversion factors: To convert urea nitrogen to mmol/L, multiply by 0.357; creatinine to µmol/L, multiply by 88.4.
*Values are expressed as number (percentage) unless otherwise indicated. Data are based on patients with available

data for each characteristic.
†One patient did not have heart failure history, so the total No. of patients was 33 045.
‡Determined using a University of North Carolina severity score, with scores of less than 4 representing mild; 4 to 6,

moderate; and more than 6, severe. The total score ranges from 0 to 9 and is calculated by adding 1 if congestion
is present on the chest radiograph; 1 if rales are present; 1 if edema is present; 2 if fatigue is present; and 1, 2, 3, or
4 for unspecified dyspnea, dyspnea with moderate activity, dyspnea with minimal activity, or dyspnea at rest, re-
spectively.

§Of 26 408 participants in derivation cohort and of 25 756 participants in validation cohort.
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and comparable risk stratification oc-
curred when the analysis was limited
to the subset of validation patients with
new onset heart failure (in-hospital
mortality: 23.6% in the high-risk group;
20.0%, intermediate risk group 1; 5.0%,
intermediate risk group 2; 5.1%, inter-
mediate risk group 3; and 1.8%, low-
risk group).

Multivariate logistic regression iden-
tified BUN level, SBP, heart rate, and
age as the most significant mortality risk
predictors:

log odds of mortality =
0.0212 � BUN − 0.0192 � SBP
+ 0.0131 � heart rate + 0.0288
� age − 4.72.

The addition of 24 predictors did not
meaningfully increase the accuracy of
this model. FIGURE 3 compares in-
hospital mortality rates in the deriva-
tion and validation cohorts based on
risk groups determined by logistic re-
gression. Based on the area under the
receiver operating characteristic curves,
the accuracy of the CART model (deri-
vation cohort: 68.7%; validation co-
hort: 66.8%) was modestly less than that
of the more complicated logistic regres-
sion model (derivation cohort: 75.9%;
validation cohort: 75.7%).

COMMENT
This analysis of more than 65 000 re-
cent ADHF hospitalizations in pa-
tients demographically and clinically
similar to those seen in other large com-
munity- or Medicare-based evalua-
tions25-27 demonstrates that the risk of
in-hospital mortality can be reliably es-
timated using routinely available vital
signs and laboratory data obtained on
hospital admission. Overall, in-
hospital mortality was 4.1%, but this
mortality risk varied more than 10-
fold (from 2.1% to 21.9%) based on the
patient’s initial SBP and levels of BUN
and creatinine.

Multiple evaluations of patients hos-
pitalized for heart failure have demon-
strated an association between clini-
cal outcomes and indices of renal
function and blood pressure.28-32 In the
Enhanced Feedback for Effective Car-
diac Treatment study, increasing BUN
levels and decreasing SBP were signifi-
cant and independent predictors of both
30-day and 1-year mortality.28 In the
Outcomes of a Prospective Trial of In-
travenous Milrinone for Exacerba-
tions of Chronic Heart Failure study,
these same parameters were signifi-
cant and independent predictors of
mortality or rehospitalization.31 Simi-
larly, in a retrospective review of 1004
consecutive patients hospitalized for
heart failure at 11 geographically di-
verse hospitals, worsening renal func-
tion was associated with a 7.5-fold in-
crease (95% CI, 2.9- to 19.3-fold
increase) in the adjusted risk of in-
hospital mortality.32 In a prospective

Table 3. Main Outcomes

Derivation Cohort
(n = 33 046)

Validation Cohort
(n = 32 229)

Deaths, No. (%) 1383 (4.2) 1302 (4.0)

Length of stay, mean (SD), d
Total hospital 5.9 (5.7) 5.8 (5.2)

Intensive or coronary care unit 4.0 (5.8) 3.7 (4.5)

Figure 1. Predictors of In-Hospital Mortality and Risk Stratification for the Derivation Cohort

33 046 Hospitalization Episodes in Derivation Cohort

24 933 Hospitalization Episodes 7150 Hospitalization Episodes

Systolic Blood
Pressure
<115 mm Hg

Systolic Blood
Pressure

≥115 mm Hg

Systolic Blood
Pressure
<115 mm Hg

Systolic Blood
Pressure

≥115 mm Hg

BUN <43 mg/dL BUN ≥43 mg/dL

2.68% Crude
Mortality
(673/25 122)

8.98% Crude
Mortality
(647/7202)

2045 Hospitalization Episodes

Serum Creatinine
≥2.75 mg/dL

Serum Creatinine
<2.75 mg/dL

5.49% Crude
Mortality
(225/4099)

Intermediate
Risk 3

2.14% Crude
Mortality
(445/20 834)

Low Risk

12.42% Crude
Mortality
(177/1425)

Intermediate
Risk 1

21.94% Crude
Mortality
(136/620)

High Risk

6.41% Crude
Mortality
(327/5102)

Intermediate
Risk 2

15.28% Crude
Mortality
(313/2048)

Each node is based on available data from registry patient hospitalizations for each predictive variable pre-
sented. BUN indicates blood urea nitrogen. To convert BUN to mmol/L, multiply by 0.357; creatinine to µmol/L,
multiply by 88.4.
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analysis of 412 patients hospitalized at
a single institution, the 6-month mor-
tality risk increased with decreasing re-
nal function, which was determined by
the change in creatinine levels relative
to baseline.30 Renal dysfunction causes
further congestion and neurohor-
monal activation, which are factors as-
sociated with adverse outcomes in pa-
tients with heart failure.33

In addition to these parameters, other
parameters that have been correlated
with clinical outcomes in patients hos-
pitalized with heart failure include
age3,28,29,34; sex34; heart failure etiol-
ogy34,35; history of previous heart fail-
ure hospitalizations31; comorbid condi-
tions such as cerebrovascular disease,
dementia, chronic obstructive pulmo-
nary disease, hepatic cirrhosis, and can-
cer28,34; respiratory rate28; anemia31,36,37;
serum sodium concentration28; B-type
natriuretic peptide levels38,39; left ven-

tricular ejection fraction29; andheart fail-
ure therapy.3 Because multiple risk fac-
tors can exist in the same patient, risk
factor analysis (to be meaningful) must

consider factors in combination rather
than isolation. Because previous evalu-
ations tended to treat these factors as iso-
lated entities, they have not produced a

Table 5. In-Hospital Death Between Risk Groups*

Risk Group Analysis

Derivation Cohort Validation Cohort

OR (95% CI) P Value OR (95% CI) P Value

High vs
Low 12.9 (10.4-15.9) �.001 10.4 (8.4-13.0) �.001

Intermediate 3 4.8 (3.8-6.1) �.001 4.1 (3.2-5.2) �.001

Intermediate 2 4.1 (3.3-5.1) �.001 4.1 (3.3-5.2) �.001

Intermediate 1 2.0 (1.5-2.5) �.001 1.6 (1.2-2.1) �.001

Intermediate 1 vs
Low 6.5 (5.4-7.8) �.001 6.5 (5.4-7.8) �.001

Intermediate 3 2.4 (2.0-3.0) �.001 2.5 (2.1-3.1) �.001

Intermediate 2 2.1 (1.7-2.5) �.001 2.6 (2.1-3.1) �.001

Intermediate 2 vs
Low 3.1 (2.7-3.6) �.001 2.5 (2.2-2.9) �.001

Intermediate 3 1.2 (1.0-1.4) .07 1.0 (0.8-1.2) .94

Intermediate 3 vs low 2.7 (2.2-3.1) �.001 2.5 (2.2-3.0) �.001
Abbreviations: CI, confidence interval; OR, odds ratio.
*See Table 4 footnotes for definitions of risk determined by blood urea nitrogen, systolic blood pressure, and creatinine.

Table 4. Demographic and Clinical Characteristics of Risk Groups

High Risk*

Intermediate Risk

Low Risk�1† 2‡ 3§

Derivation Cohort

Total No. of patients 620 1425 5102 4099 20 834

Age, mean (SD), y 73.6 (12.4) 74.9 (12.1) 73.9 (12.8) 69.7 (15.1) 72.6 (13.9)

No. (%) of patients
Female 187 (30) 548 (38) 2627 (51) 1761 (43) 11 608 (56)

Coronary artery disease 446 (72) 995 (70) 3365 (66) 2451 (60) 11 770 (57)

Renal insufficiency 496 (80) 720 (51) 3586 (70) 727 (18) 3704 (18)

Diabetes 312 (50) 662 (46) 3043 (60) 1377 (34) 8689 (42)

COPD 156 (25) 452 (32) 1522 (30) 1307 (32) 6420 (31)

No./total (%) of patients
with systolic dysfunction¶

400/512 (78) 912/1174 (78) 2007/3906 (51) 2326/3331 (70) 8636/16 761 (52)

Validation Cohort

Total No. of patients 592 1270 4834 3882 20 820

Age, mean (SD), y 74.0 (12.7) 74.7 (11.6) 74.0 (13.1) 70.0 (15.2) 72.6 (14.1)

No. (%) of patients
Female 180 (30) 488 (38) 2501 (52) 1660 (43) 11 391 (55)

Coronary artery disease 407 (69) 871 (69) 3002 (62) 2205 (57) 11 236 (54)

Renal insufficiency 479 (81) 650 (51) 3402 (70) 720 (19) 4081 (20)

Diabetes 298 (50) 590 (46) 2887 (60) 1337 (34) 8804 (42)

COPD 160 (27) 406 (32) 1466 (30) 1263 (33) 6436 (31)

No./total (%) of patients
with systolic dysfunction

352/472 (75) 774/1054 (73) 1753/3641 (48) 2166/3174 (68) 8115/16 797 (48)

Abbreviation: COPD, chronic obstructive pulmonary disease.
*Defined as blood urea nitrogen level of 43 mg/dL or higher (�15.35 mmol/L), systolic blood pressure of less than 115 mm Hg, and creatinine level of 2.75 mg/dL or higher (�243.1

µmol/L).
†Defined as blood urea nitrogen level of 43 mg/dL or higher (�15.35 mmol/L), systolic blood pressure of less than 115 mm Hg, and creatinine level of less than 2.75 mg/dL (�243.1

µmol/L).
‡Defined as blood urea nitrogen level of 43 mg/dL or higher (�15.35 mmol/L) and systolic blood pressure of 115 mm Hg or higher.
§Defined as blood urea nitrogen level of less than 43 mg/dL (�15.35 mmol/L) and systolic blood pressure of less than 115 mm Hg.
�Defined as blood urea nitrogen level of less than 43 mg/dL (�15.35 mmol/L) and systolic blood pressure of 115 mm Hg or higher.
¶Patients had a left ventricular ejection fraction of less than 40% or moderate to severe impairment.
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clinically practical way of integrating
various factors to stratify risk in heart
failure patients.40

Unlike ADHF, several risk stratifi-
cation schemes already exist for pa-
tients with acute coronary syn-
dromes.11-17 These schemes are typically
based on multivariable analysis using
logistic regression or Cox propor-
tional hazards models. Although
schemes using as few as 313,17 to more
than 20 variables are available,12 an
acute coronary syndromes risk scor-
ing scheme generally involves 7 to 10
variables.11,14-16 Such clinical predic-
tion models have been interpreted to be
helpful for risk stratification and man-
agement of acute coronary syndrome
patients and have been integrated into
national guidelines.11

Although no in-hospital mortality risk
stratification scheme is available for pa-
tients hospitalized with heart failure, a
heart failure survival score has been de-
veloped and independently validated for
ambulatory outpatients with heart fail-
ure.40,41 This score,basedon7variables—
heart failure etiology, heart rate, blood
pressure, serum sodium concentration,
intraventricular conduction time, left
ventricular ejection fraction, and peak
oxygen consumption—stratifies pa-
tients into low (16%), medium (39%),
and high (50%) mortality risk catego-
ries.40 In addition, hospitalization data
have been used to develop a risk score
for heart failure readmission.42 This risk
score, which is based on 16 variables, was
moderately predictive in a derivation co-
hort but it has not been independently
validated in a second cohort.42

A significant disadvantage of multi-
variable-generated risk schemes is their
complexity. The number of variables and
mathematical functions involved fre-
quently require access to a computer or
an electronic calculator to generate a
score and to determine risk, making
them impractical for bedside assess-
ment unless such tools are readily avail-
able. Even when converted to point
scores, the tools derived from a multi-
variate model still require a nomogram
reference to convert a point score to risk.
Similar to multivariate regression tech-

Figure 2. Predictors of In-Hospital Mortality and Risk Stratification for the Validation Cohort

32 229 Hospitalization Episodes in Validation Cohort

24 702 Hospitalization Episodes 6697 Hospitalization Episodes

Systolic Blood
Pressure
<115 mm Hg

Systolic Blood
Pressure

≥115 mm Hg

Systolic Blood
Pressure
<115 mm Hg

Systolic Blood
Pressure

≥115 mm Hg

BUN <43 mg/dL BUN ≥43 mg/dL

2.83% Crude
Mortality
(704/24 871)

8.35% Crude
Mortality
(565/6764)

1862 Hospitalization Episodes

Serum Creatinine
≥2.75 mg/dL

Serum Creatinine
<2.75 mg/dL

5.67% Crude
Mortality
(220/3882)

Intermediate
Risk 3

2.31% Crude
Mortality
(480/20 820)

Low Risk

13.23% Crude
Mortality
(168/1270)

Intermediate
Risk 1

19.76% Crude
Mortality
(117/592)

High Risk

5.63% Crude
Mortality
(272/4834)

Intermediate
Risk 2

15.30% Crude
Mortality
(285/1863)

Each node is based on available data from registry patient hospitalizations for each predictive variable pre-
sented. BUN indicates blood urea nitrogen. To convert BUN to mmol/L, multiply by 0.357; creatinine to µmol/L,
multiply by 88.4.

Figure 3. In-Hospital Mortality Based on the Logistic Regression Model
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Log odds of mortality was calculated for all records in the derivation cohort and risk group cut points estab-
lished at percentile rankings equivalent to those of the classification and regression tree model (65th, 78th,
94th, and 98th percentiles).
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niques, the CART method can detect in-
teractions between variables.24 More-
over, it yields a decision tree that is
relatively easy to apply at the bedside,
leading to its potential use in a wide va-
riety of clinical conditions, including in-
fections43 and neurological,44 oncologi-
cal,45,46 and cardiac47 disorders.

In the current evaluation, the CART
method identified 3 of 39 potential vari-
ables as significant predictors of in-
hospital mortality risk. In a simple 2-
to 3-step process, these variables per-
mit identification of patients with low,
intermediate, or high risk for in-
hospital mortality. Furthermore, the ac-
curacy of this model, which can be eas-
ily applied at the bedside, is close to that
of the more complicated model de-
rived from logistic regression. Alter-
nately, if computer access or a pocket
digital assistant is available at the bed-
side, the model derived from logistic re-
gression may have advantages.

These validated models should aid
medical decision making in patients
hospitalized with ADHF. Patients
judged to be at higher risk may re-
ceive higher-level monitoring and ear-
lier, more intensive treatment for
ADHF, while patients estimated to be
at lower risk may be reassured and man-
aged less intensively. In addition, these
models may prove to be valuable in de-
signing clinical trials to evaluate heart
failure therapies because they permit
risk to be balanced across treatment
groups45 and allow for selective inclu-
sion criteria to enroll only patients at
high risk for in-hospital mortality.

Potential limitations of the current
analysis must be acknowledged. Real-
world practice information can be both
anadvantageandadisadvantageof analy-
ses based on registry data. Study results
can be influenced by differences in dis-
ease assessment, treatment, and docu-
mentation patterns at participating in-
stitutions. The ADHERE registry reflects
patients cared for by thousands of clini-
cians at hundreds of hospitals across the
country and thus has an excellent chance
to adjust for this variation and create a
risk prediction model that is robust for
most situations. However, this model

may not apply to patients who are cared
for in settings that deviate substantially
from those in ADHERE. In addition, each
patient’s actual risk may be influenced
by many factors not measured or con-
sidered in this model. The CART method
favors variables available for analysis in
the greatest proportion of patients. Some
potential risk factors, such as B-type na-
triuretic peptide, were obtained in less
than 25% of patients. Consequently,
there may be additional variables that
either were not considered or were con-
sidered and rejected because of limited
data that could ultimately improve the
risk discrimination if assessed in a suf-
ficient number of patients.

Therefore, this model enhances, not
replaces, physician assessment. More-
over, because the ADHERE registry
does not contain specific patient iden-
tifiers, information regarding patient
status following hospital discharge is
not available. Thus the effects of any of
the variables evaluated in this analysis
on intermediate- and long-term mor-
tality risks cannot be determined. Simi-
larly, because of the lack of patient iden-
tifiers, the analyzed cohorts may contain
multiple admissions for the same pa-
tient. However, this should not have in-
fluenced the study results because the
outcome parameter, in-hospital mor-
tality, and the identified risk factors (ad-
mission SBP and admission levels of
BUN and creatinine) are specific to in-
dividual hospitalization episodes.
Lastly, the derivation and validation co-
horts come from periods that differ both
temporally and in duration. Nonethe-
less, these cohorts are similar in size,
baseline characteristics, and clinical out-
come. Despite these potential limita-
tions, the current CART-based analy-
sis of the ADHERE registry has created
a simple robust tool to predict in-
hospital mortality that is easy to use and
has good discriminative ability.

In patients hospitalized with ADHF,
the risk of in-hospital mortality can be
quickly and accurately determined us-
ing admission clinical and laboratory
variables. Of 39 variables, BUN level of
43 mg/dL or higher (�15.35 mmol/
L), serum creatinine level of 2.75 mg/dL

or higher (�243.1 µmol/L), and SBP of
less than 115 mm Hg were indepen-
dent predictors of high risk for in-
hospital mortality in the current CART
analysis. On the basis of these 3 vari-
ables, ADHF patients can be readily
stratified into groups at low, interme-
diate, and high risk for in-hospital mor-
tality, with mortality risks ranging from
2.1% to 21.9%. The finding that indi-
ces of renal status are 2 of the 3 pre-
dictors providing the best mortality risk
discrimination underscores the impor-
tance of renal function in ADHF pa-
tients. The continued high mortality for
patients hospitalized with ADHF pro-
vides a compelling indication to apply
tools, such as the risk tree derived in
this study, to improve the evaluation
and, potentially, management and out-
comes of these patients.
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