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BACKGROUND The Kansas City Cardiomyopathy Questionnaire-12 (KCCQ-12), a patient-reported outcome measure for

adults with heart failure, is associated with hospitalizations and mortality in clinical trials. Curated data sets from

controlled trials differ substantially from pragmatic data collected from real-world settings, however, and few data exist

on the KCCQ-12’s predictive utility in clinical practice.

OBJECTIVES This study sought to evaluate the predictive utility of the KCCQ-12 for hospitalizations and mortality

when administered during outpatient heart failure care.

METHODS We conducted a cohort study of patients assigned the KCCQ-12 in heart failure clinics from July 2019

through March 2024. The primary exposure was KCCQ-12 Overall Summary (KCCQ-OS) score. The primary outcomes were

90-day hospitalization and cumulative mortality. Multivariable-adjusted associations were assessed using logistic

regression and Cox proportional hazards models. Gradient boosting (XGBoost) and random survival forest machine

learning models were used to evaluate KCCQ-OS feature importance in predicting 90-day hospitalizations and cumulative

mortality, respectively.

RESULTS Among 4,406 patients assigned the KCCQ-12, 2,888 (66%) completed at least 1 questionnaire. The median

KCCQ-OS score was 59.4 (Q1-Q3: 35.4-81.8). Patients with KCCQ-OS scores <25 had higher adjusted risks of 90-day

hospitalization (OR: 3.49; 95% CI: 2.50-4.90) and cumulative mortality (HR: 3.09; 95% CI: 2.29-4.17) compared with

those with scores $75. The KCCQ-OS score was the most important feature for predicting 90-day hospitalizations in the

XGBoost model (area under the receiver-operating characteristic curve: 0.760; 95% CI: 0.706-0.811) and the most

important feature for predicting cumulative mortality in the random survival forest model (C-index 0.783; 95% CI:

0.742-0.824) compared with other clinical, demographic, and laboratory variables. KCCQ-12 noncompletion was inde-

pendently associated with increased 90-day hospitalization (OR: 1.72; 95% CI: 1.46-2.02) and 1-year mortality (HR: 1.52;

95% CI: 1.25-1.84) after adjusting for all variables in the primary analysis.

CONCLUSIONS In outpatient heart failure care, lower KCCQ-OS scores were strongly associated with increased hos-

pitalizations and mortality, with the greatest risk among patients with scores <25. Noncompletion of the KCCQ-12 was

itself associated with worse outcomes. The KCCQ-OS score was the dominant predictor of 90-day hospitalizations and

cumulative mortality in machine learning models, supporting the KCCQ-12 as a prognostic tool in routine clinical

practice. (JACC. 2025;85:2253–2266) Published by Elsevier on behalf of the American College of Cardiology Foundation.
N 0735-1097/$36.00 https://doi.org/10.1016/j.jacc.2025.03.545
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P atient-reported outcome measures
(PROMs) are frequently used in clin-
ical trials and registries to evaluate

functional status and quality of life.1 Health
care systems are increasingly incorporating
PROMs into routine clinical practice,2 where
they serve as a means for improving
clinician–patient communication regarding
health status.3 The Kansas City Cardiomyop-
athy Questionnaire-12 (KCCQ-12) is a 12-item
questionnaire quantifying symptoms, phys-
ical function, social limitations, and quality
of life in adults with heart failure.4 The
KCCQ-12 and its longer, 23-item version
(KCCQ-23)5 have been extensively validated
in clinical trials,6-13 demonstrating respon-
siveness to clinical change14 and associations
with subsequent hospitalizations and mor-
tality.15-17 Despite its widespread use in heart
failure research, studies on the KCCQ-12’s
performance in predicting outcomes when
administered as part of routine ambulatory
care are sparse.
SEE PAGE 2267
Both the patient population and pragmatic data
from clinical settings are very different from the
controlled environments of clinical trials.18,19 The
evaluation of predictive models incorporating prag-
matic data such as the KCCQ-12 collected during
routine clinical practice benefits from a dual analytic
framework20 combining traditional regression models
with machine learning approaches. Machine learning
approaches excel at handling the complex, nonlinear
relationships inherent in real-world clinical data,
where measurements are asynchronous, missingness
is common, and patient populations are heteroge-
neous.20-22 Machine learning models also offer
improved individual risk estimation as compared to
pooled risk scores,23-25 which is particularly impor-
tant for clinical decision support tools in the elec-
tronic health record (EHR). These advantages come at
the cost of interpretability, however, thus traditional
regression analyses complement machine learning
models by providing interpretable effect sizes that
give clinicians context to predictive tools such as the
KCCQ-12.
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To address the important gap in knowledge
regarding the KCCQ-12’s real-world prognostic ca-
pabilities, we employed complementary regression-
based and machine learning approaches to eval-
uate the KCCQ-12’s performance in predicting hos-
pitalizations and mortality when implemented as a
standard assessment in outpatients with heart fail-
ure. This dual analytic strategy allowed us to
quantify the KCCQ-12’s association with outcomes
through traditional effect measures while also
assessing its relative importance among clinical
variables in the complex environment of outpatient
practice.

METHODS

METHODOLOGY STANDARDS. This pragmatic cohort
study adhered to Strengthening the Reporting of
Observational Studies in Epidemiology (STROBE)26

standards. Machine learning model development
adhered to Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or Diag-
nosis (TRIPOD)27 standards. The study was reviewed
by the Institutional Review Board of the Vanderbilt
Human Subjects Research Protection Program and
determined to be exempt from further review and
continuing oversight.

SETTING AND DATA COLLECTION. Vanderbilt Uni-
versity Medical Center (VUMC) is a 1,190-bed aca-
demic health center in Nashville, Tennessee. The
KCCQ-12 was implemented in VUMC Heart Failure
Clinics beginning in 2019 as part of the Vanderbilt
Patient-Reported Outcomes Measurement System,2

an institutional effort to integrate PROMs into
routine clinical practice. The KCCQ-12 was delivered
through VUMC’s Epic electronic health record (EHR,
Epic Systems Corporation) 72 hours before each clinic
visit via My Health at Vanderbilt,28 the institution’s
MyChart patient portal (Epic Systems Corporation)
(Supplemental Figure 1). Patients who had not
completed the KCCQ-12 before the clinic visit were
asked to complete it in clinic using electronic tablets.
Scored data from the completed KCCQ-12 were
available to clinicians in the EHR alongside laboratory
studies, as smart phrases that could be imported into
clinical notes, and as longitudinal trends
(Supplemental Figure 2). Data were extracted from
es and animal welfare regulations of the authors’
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the EHR using Structured Query Language (SQL) with
Azure Data Studio (Microsoft).29

STUDY COHORT. The study cohort was composed of
patients assigned the KCCQ-12 questionnaire during
VUMC Heart Failure Clinic visits from July 2019
through March 2024. Because a minority of providers
in the heart failure clinic also saw general cardiology
patients, we used echocardiogram data as well as
International Classification of Diseases, 10th Revision
(ICD-10) claims codes to restrict the study cohort to
patients with a heart failure diagnosis. We defined
patients with heart failure with reduced ejection
fraction (HFrEF) as those with left ventricular ejec-
tion fraction (LVEF) <50%. Patients with a most
recent LVEF $50% and ICD-10 claims codes consis-
tent with a heart failure diagnosis were classified as
heart failure with preserved ejection fraction
(HFpEF),30 even though some may have had prior
HFrEF with recovered LVEF through guideline-
directed medical therapy. We excluded patients
with heart transplants or ventricular assist devices.
For patients completing the KCCQ-12 multiple times,
the first completed KCCQ-12 was selected to maxi-
mize follow-up time.

OUTCOMES. The main outcomes were 90-day all-
cause hospitalization and cumulative mortality over
the entire length of follow-up, ascertained from the
EHR. We evaluated hospitalizations within 90 days of
KCCQ-12 completion as a binary outcome. For cumu-
lative mortality, we calculated time to event using the
number of days between KCCQ-12 completion and
death with censoring applied at the last known
follow-up date if the patient was still alive.

VARIABLES. Variables included in the analysis were
selected a priori based on prior established associa-
tions with heart failure outcomes from a review of
heart failure prediction models17,31-33 to minimize the
risk of overfitting with data-driven selection
methods. The primary predictor variable was the
KCCQ-12 Overall Summary (KCCQ-OS) score,4 which
aggregates 4 domains (symptom frequency, physical
function, social limitations, and quality of life) as
scores from 0 to 100, with higher scores indicating
better health status. Covariates included de-
mographic, clinical, and laboratory values with the
value in closest temporal proximity to the KCCQ-12
completion time selected for the analysis. For labo-
ratory studies, we queried a time window 180 days
before and after completion of the KCCQ-12. Because
the cohort had a combination of B-type natriuretic
peptide (BNP) and N-terminal pro–B-type natriuretic
peptide (NT-proBNP) levels, a z-score was created for
a composite BNP/NT-proBNP variable by log-
transforming and standardizing these values.34 We
characterized comorbidities with Elixhauser comor-
bidity groups by querying relevant ICD-10 codes for
outpatient and inpatient visits over 1 year before
KCCQ-12 completion.35 We calculated a Social
Vulnerability Index, which was designed by the
Centers for Disease Control and Prevention36 to
evaluate sociodemographic advantage, using home
address census tracts. We used the IterativeImputer
function from the Python scikit-learn37 package to
address missing data with multiple imputation.
Missingness for each variable is detailed in
Supplemental Table 1.

STATISTICAL ANALYSIS. Patients assigned the
KCCQ-12 were stratified by completion status, and
baseline characteristics between these groups were
compared using Wilcoxon rank sum tests for contin-
uous variables and chi-square tests for categorical
variables. We constructed multivariable-adjusted lo-
gistic and Cox regression models to assess the rela-
tionship between KCCQ-OS quartiles and the risk of
90-day hospitalization and cumulative mortality,
respectively. Models were stratified by heart failure
type (HFpEF and HFrEF) to explore associations be-
tween the KCCQ-OS score and outcomes across ejec-
tion fraction subgroups. Formal interaction testing
assessed whether the relationship between KCCQ-OS
scores and outcomes differed by heart failure type.
This testing was performed with KCCQ-OS modeled
both as categorical quartiles and as continuous vari-
ables with nonlinear splines, using likelihood ratio
tests for statistical significance. We also evaluated the
KCCQ-OS score as a continuous variable in logistic
regression and Cox regression models incorporating
natural cubic splines to account for potential
nonlinear relationships with outcomes. Optimal de-
grees of freedom for these models were determined
using the Akaike Information Criterion.38 To enhance
clinical interpretability, we calculated absolute risk
estimates for both outcomes across the range of the
KCCQ-OS score. For 90-day hospitalization, we pre-
dicted probabilities from the logistic regression
models with 95% CIs. For mortality, we calculated 1-
year mortality risks from the Cox proportional haz-
ards models using the baseline hazard at 365 days. We
generated absolute risk plots for all patients and
separately for HFrEF and HFpEF subgroups.

We performed additional multivariable analyses to
evaluate whether KCCQ-12 completion status inde-
pendently predicted clinical outcomes. For these an-
alyses, we included the full cohort of heart failure
patients who were assigned the KCCQ-12 (both com-
pleters and noncompleters). We constructed logistic

https://doi.org/10.1016/j.jacc.2025.03.545
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regression models for 90-day hospitalization and Cox
proportional hazards models for 1-year mortality,
adjusting for the same demographic, clinical, and
laboratory variables used in the primary analyses. To
establish temporal consistency across both com-
pleters and noncompleters, we defined the index date
for noncompleters as the check-in time for the clinic
visit in which the KCCQ-12 was assigned, and for
completers as the time of questionnaire completion.

Statistical analyses were conducted using R version
4.4.1 (R Foundation for Statistical Computing).39

MACHINE LEARNING MODELS. The focus of the
study was on evaluating the real-world prognostic
value of the KCCQ-OS score (as a continuous variable)
rather than on extensive algorithm validation. We
selected XGBoost,40 a gradient boosting imple-
mentation, for predicting 90-day hospitalizations
(a binary outcome) due to its ability to capture com-
plex relationships between predictors and outcomes.
The full data set was split into training (80%) and
testing (20%) sets, stratified by outcome to maintain
class distribution. XGBoost hyperparameters were
optimized using 5-fold stratified cross-validation on
the training set with a grid search over the following
parameters: number of estimators (100, 200),
maximum depth (3, 4, 5), learning rate (0.01, 0.1), and
minimum child weight (1, 3). Model performance was
assessed on the test set using area under the receiver-
operating characteristic curve (AUC) for discrimina-
tion and Brier score for calibration, with 95% CIs
calculated using 10,000 bootstrap resamples. SHapley
Additive exPlanations (SHAP)41 values were calcu-
lated to evaluate feature importance, representing
the marginal contribution of each predictor to the
model’s output.

We used random survival forests (RSF) to predict
cumulative mortality due to its ability to handle
right-censored survival data and strong predictive
performance in cardiovascular mortality risk predic-
tion.42,43 RSF is an ensemble method implemented in
scikit-survival44 that combines multiple decision
trees, each trained on a bootstrap sample of the data,
to improve predictive performance. The full data set
was split into training (80%) and testing (20%) sets to
ensure sufficient data for stable survival curve esti-
mation. RSF hyperparameters were optimized using 5-
fold cross-validation on the training set with a grid
search over the following parameters: number of es-
timators (100, 200, 300), maximumdepth (none, 5, 10),
and minimum samples split (2, 5, 10). Model discrim-
ination was assessed on the test set using Harrell’s
concordance index (C-index) with 95% CIs derived
from 10,000 bootstrap resamples. We calculated an
integrated Brier score across 10 time points to assess
both discrimination and calibration. Feature impor-
tance was evaluated using permutation importance
with 10 iterations, measuring the decrease in C-index
when each feature’s values were randomly shuffled.

All analyses were performed in Python 3.11.945

using scikit-learn 1.5.1,37 scikit-survival 0.23.0,44 and
xgboost 2.1.1.40

RESULTS

The cohort derivation is displayed in Supplemental
Figure 3. Baseline characteristics of the study cohort,
stratified by KCCQ-12 completion status, are presented
in Table 1. Of 4,406 unique patients assigned the
KCCQ-12 during the study time frame, a total of 2,888
(66%) completed at least 1 questionnaire (Central
Illustration, Table 1). As compared with patients who
did not complete the KCCQ-12, patients who
completed the questionnaire were younger (median
age 65 vs 69 years; P < 0.001) and had a lower Social
Vulnerability Index, indicating less socioeconomic
disadvantage. Patients completing the questionnaire
also had lower systolic blood pressure, natriuretic
peptide, blood urea nitrogen, and creatinine levels.

Among the 2,888 patients who completed at least 1
KCCQ-12, 1,690 (59%) were classified as HFrEF and
1,198 (41%) as HFpEF (Table 1). The median KCCQ-OS
score was 59.4 (35.4-81.8), indicating moderate
impairment due to heart failure symptoms with a
wide range of health status across the cohort. Patients
with HFpEF had a lower median KCCQ-OS score
compared with those with HFrEF (56.3 vs 61.5,
respectively; P < 0.01). Interaction testing between
heart failure type and KCCQ-OS scores revealed no
significant interactions for either outcome, whether
the KCCQ-OS score was modeled as categories (hos-
pitalization: chi-square ¼ 3.78, df ¼ 3; P ¼ 0.286;
mortality: chi-square ¼ 1.14, df ¼ 3; P ¼ 0.768) or with
nonlinear splines (hospitalization: chi-square ¼ 4.74,
df ¼ 2; P ¼ 0.094; mortality: chi-square ¼ 0.21, df ¼ 2;
P ¼ 0.899). These findings indicate that the relation-
ship between the KCCQ-OS score and clinical out-
comes does not differ significantly between patients
with HFrEF and HFpEF, supporting our combined
analysis approach adjusting for ejection fraction as a
continuous variable.

A total of 490 hospitalization events (17%)
occurred within 90 days of KCCQ-12 completion, and
489 patients died (17%) over a median follow-up of
1.9 years (6,535 person-years of follow-up total).
Regression analyses for 90-day hospitalization
(Table 2) and mortality (Table 3) demonstrated that
lower KCCQ-OS scores were strongly associated with
worse outcomes, regardless of heart failure type

https://doi.org/10.1016/j.jacc.2025.03.545
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TABLE 1 Baseline Characteristics of Patients by Kansas City Cardiomyopathy

Questionnaire-12 Completion Status (N ¼ 4,406)

Completed
(n ¼ 2,888)

Not Completed
(n ¼ 1,518) P Value

Demographics

Age, y 65 (54-73) 69 (59-79) <0.001

Sex

Female 1,203 (41.7) 630 (41.5) 0.95

Male 1,685 (58.3) 888 (58.5)

Race

Black 572 (19.8) 329 (21.7) 0.11

Other 65 (2.3) 24 (1.6)

White 2,203 (76.3) 1,125 (74.1)

Social Vulnerability Index 0.4 (0.2-0.7) 0.5 (0.3-0.8) <0.001

KCCQ-12 scores

KCCQ-12 Overall Summary score 59.4 (35.4-81.8) n/a n/a

KCCQ-12 Physical Limitation score 50 (33.3-83.3) n/a n/a

KCCQ-12 Symptom Frequency score 70.8 (44.4-91.7) n/a n/a

KCCQ-12 Quality of Life score 50 (25-75) n/a n/a

KCCQ-12 Social Limitation score 58.3 (33.3-87.5) n/a n/a

Clinical variables

Heart failure type

HFpEF 1,198 (41.5) 654 (43.1) 0.32

HFrEF 1,690 (58.5) 864 (56.9)

LVEF, HFpEF, % 60 (55-65) 60.8 (55.4-67) <0.001

LVEF, HFrEF, % 33.8 (24.5-42.3) 33 (23.8-42.3) 0.72

Systolic blood pressure, mm Hg 120 (108-134) 123 (110-139) <0.001

Body mass index, kg/m2 29.7 (25.7-35.3) 28.4 (24.4-33.5) <0.001

Tobacco use

Never 1,364 (47.2) 644 (42.4) 0.002

Quit 1,121 (38.8) 576 (37.9)

Yes 261 (9) 179 (11.8)

Diabetes 493 (17.1) 278 (18.3) 0.32

Hospitalized in year before completing KCCQ-12 1,194 (41.3) n/a n/a

Laboratory studies

Albumin, g/dL 4.2 (4-4.4) 4.1 (3.8-4.3) <0.001

Blood urea nitrogen, mg/dL 27 (18-47) 31 (19-51) <0.001

Creatinine, mg/dL 1.4 (1.1-2.1) 1.5 (1.1-2.3) 0.013

Hemoglobin, g/dL 13.4 (9.9-15) 12.7 (9.9-14.6) <0.001

MCV, fL 94 (90-98) 95 (90-98) <0.001

RDW-CV, % 15 (13.7-17.3) 15.4 (14-17.7) <0.001

BNP/NT-proBNP composite, z-score 0 (-0.8-0.7) 0.2 (-0.6-0.9) <0.001

BNP, pg/mL 286 (81-763) 385 (97-840) <0.001

NT-proBNP, pg/mL 789 (345-2,597) 989(541-4,083) <0.001

Events

Median follow-up time, y 1.9 (0.8-3.6) 1.5 (0.7-2.3) <0.001

90-d hospitalization 490 (17) 431 (28.4) <0.001

1-y mortality 214 (7.4) 224 (14.8) <0.001

Cumulative mortality 489 (16.9) 333 (21.9) <0.001

Values are median (Q1-Q3) or n (%).

BNP ¼ B-type natriuretic peptide; MCV ¼ mean corpuscular volume; NT-proBNP ¼ N-terminal pro–B-type
natriuretic peptide; RDW-CV ¼ red cell distribution width–coefficient of variation.
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(HFrEF vs HFpEF). For 90-day hospitalization, pa-
tients with KCCQ-OS scores <25 had a markedly
higher odds compared with those with scores $75
(OR: 3.49; 95% CI: 2.50-4.90; P < 0.001) with similar
results for HFrEF and HFpEF subgroups (Table 2). For
mortality, the lowest KCCQ-OS range (<25) predicted
the highest risk compared with scores $75 (HR: 3.09;
95% CI: 2.29-4.17; P < 0.001) with similar results for
HFrEF and HFpEF subgroups (Table 3).

Multivariable-adjusted absolute risk plots
(Figure 1) demonstrated consistent relationships
between KCCQ-OS scores and 90-day hospitalization
as well as 1-year mortality. For 90-day hospitaliza-
tion, risk increased steadily as KCCQ-OS scores
decreased, with similar patterns observed in both
HFrEF and HFpEF subgroups. Estimated 1-year
mortality risk increased similarly with decreasing
KCCQ-OS scores. To illustrate the clinical signifi-
cance of these relationships, a patient with a KCCQ-
OS score of 10 had a 22.4% risk of 90-day hospi-
talization and 6.8% risk of 1-year mortality as
compared with 6.7% risk of 90-day hospitalization
and 2.1% risk of 1-year mortality in a patient with a
KCCQ-OS score of 90.

XGBoost gradient boosting models incorporating
the KCCQ-12 demonstrated good predictive perfor-
mance for 90-day hospitalizations, with an AUC of
0.760 (95% CI: 0.706-0.811) and Brier score of 0.129
(95% CI: 0.110-0.149). Similar predictive performance
was seen in models stratified by heart failure type
(Supplemental Table 2). SHAP analysis demonstrated
that the KCCQ-OS score was the most important pre-
dictor of 90-day hospitalizations among all heart
failure patients in the XGBoost model (Figure 2A). The
KCCQ-OS score was the most important predictor in
HFrEF patients and the second most important pre-
dictor in HFpEF patients, following hemoglobin
(Supplemental Figure 4).

RSF models incorporating the KCCQ-OS score also
demonstrated good performance for mortality risk,
achieving a C-index of 0.783 (95% CI: 0.742-0.824)
and integrated Brier score of 0.092 (95% CI: 0.079-
0.107) in all patients. Model performance was main-
tained in analyses stratified by heart failure type
(Supplemental Table 3). Permutation importance
analysis demonstrated that the KCCQ-OS score was
the most important predictor of mortality in the RSF
model for all heart failure patients (Figure 2B). In
models stratified by heart failure type, the KCCQ-OS
score was the third most important predictor in
HFrEF patients (after age and blood urea nitrogen)
and the second most important predictor in HFpEF
patients (after red cell distribution width–coefficient
of variation) (Supplemental Figure 5).
Patients who did not complete the KCCQ-12 had
significantly higher rates of adverse events compared
with those who completed the questionnaire (90-day
hospitalization: 28.4% vs 17.0%; P < 0.001 and 1-year

https://doi.org/10.1016/j.jacc.2025.03.545
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CENTRAL ILLUSTRATION Predictive Utility of the Kansas City Cardiomyopathy Questionnaire in Outpatient
Clinical Practice

El-Sabawi BR, et al. JACC. 2025;85(23):2253–2266.

The Kansas City Cardiomyopathy Questionnaire-12 Overall Summary score is strongly associated with hospitalizations and mortality in outpatient clinical practice and is

the dominant feature in machine learning models predicting these outcomes. BNP ¼ B-type natriuretic peptide; BUN ¼ blood urea nitrogen; Hgb ¼ hemoglobin;

KCCQ-OS ¼ Kansas City Cardiomyopathy Questionnaire-Overall Summary; LVEF ¼ left ventricular ejection fraction; NT-proBNP ¼ N-terminal pro–B-type natriuretic

peptide; RDW-CV ¼ red cell distribution width–coefficient of variation; SHAP ¼ SHapley Additive exPlanations.
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TABLE 2 Association of the Kansas City Cardiomyopathy Questionnaire-12 (KCCQ-12) With 90-Day Hospitalization (N ¼ 2,888)

90-d Hospitalization

All Patients HFrEF HFpEF

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

KCCQ-12 scores

KCCQ-OS score 50-74, fair to good 1.46 (1.06-2.02) <0.05 1.86 (1.21-2.89) <0.01 1.09 (0.66-1.80) 0.73

KCCQ-OS score 25-49, poor to fair 2.31 (1.70-3.15) <0.001 2.88 (1.89-4.44) <0.001 1.94 (1.23-3.10) <0.01

KCCQ-OS score 0-24, very poor to poor 3.49 (2.50-4.90) <0.001 3.69 (2.33-5.88) <0.001 3.37 (2.03-5.64) <0.001

Demographics

Age, per 10-y increase 1.12 (1.02-1.22) <0.05 1.05 (0.93-1.18) 0.42 1.24 (1.07-1.43) <0.01

Female 0.88 (0.69-1.11) 0.27 1.17 (0.85-1.61) 0.33 0.62 (0.43-0.87) <0.01

Race, Black 0.94 (0.70-1.27) 0.70 0.95 (0.64-1.39) 0.79 0.90 (0.55-1.43) 0.65

Race, other 0.78 (0.37-1.53) 0.50 0.65 (0.21-1.63) 0.40 1.14 (0.37-3.08) 0.81

Social Vulnerability Index, per 1-SD increase 1.05 (0.93-1.18) 0.43 1.02 (0.87-1.19) 0.81 1.09 (0.92-1.30) 0.32

Clinical variables

Left ventricular ejection fraction, per 5% increase 1.04 (1.00-1.07) <0.05 1.06 (0.98-1.13) 0.13 0.97 (0.86-1.10) 0.64

Body mass index, per 5 kg/m2 increase 1.06 (0.98-1.14) 0.13 0.98 (0.88-1.08) 0.65 1.17 (1.05-1.31) <0.01

Systolic blood pressure, per 10-mm Hg increase 1.02 (0.96-1.08) 0.53 1.04 (0.96-1.12) 0.30 1.00 (0.92-1.08) 0.99

Tobacco, quit 0.92 (0.73-1.15) 0.46 0.85 (0.62-1.16) 0.30 1.02 (0.73-1.44) 0.89

Tobacco, yes 1.04 (0.69-1.55) 0.84 0.98 (0.58-1.60) 0.92 1.27 (0.63-2.44) 0.49

Hospitalization in prior year 1.23 (0.97-1.55) 0.08 1.32 (0.96-1.81) 0.08 1.07 (0.75-1.53) 0.71

Diabetes 1.12 (0.85-1.47) 0.41 1.02 (0.69-1.48) 0.92 1.24 (0.83-1.84) 0.29

Laboratory studies

Sodium, per 5-mEq/L increase 1.34 (1.12-1.61) <0.01 1.39 (1.08-1.80) <0.05 1.36 (1.05-1.78) <0.05

Blood urea nitrogen, per 10-mg/dL increase 1.05 (0.99-1.11) 0.08 1.07 (0.99-1.15) 0.09 1.04 (0.95-1.13) 0.39

Creatinine, per 0.5-mg/dL increase 1.03 (0.99-1.07) 0.16 1.00 (0.95-1.06) 0.93 1.05 (0.99-1.11) 0.12

Hemoglobin, per 1-g/dL decrease 1.06 (1.01-1.12) <0.05 1.02 (0.96-1.09) 0.46 1.13 (1.04-1.23) <0.01

Mean corpuscular volume, per 5-fL increase 1.18 (1.08-1.30) <0.001 1.23 (1.08-1.41) <0.01 1.14 (0.99-1.32) 0.06

RDW-CV, per 1% increase 1.13 (1.09-1.18) <0.001 1.14 (1.08-1.20) <0.001 1.13 (1.06-1.20) <0.001

Albumin, per 0.5-g/dL increase 1.15 (1.00-1.33) <0.05 1.16 (0.96-1.41) 0.12 1.18 (0.95-1.47) 0.14

BNP/NT-proBNP composite, per 1-SD increase 1.30 (1.13-1.49) <0.001 1.33 (1.11-1.61) <0.01 1.34 (1.08-1.66) <0.01

Abbreviations as in Table 1.
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mortality: 14.8% vs 7.4%; P < 0.001) (Table 1). These
differences persisted in multivariable-adjusted
models, where KCCQ-12 noncompletion was associ-
ated with a higher odds of 90-day hospitalization
(OR: 1.72; 95% CI: 1.46-2.02; P < 0.001) and increased
risk of 1-year mortality (HR: 1.52; 95% CI: 1.25-1.84;
P < 0.001) after adjusting for the variables in the
primary analyses. These findings indicate that the
difference in event rates between completers and
noncompleters cannot be fully explained by the
observed differences in the covariates.

DISCUSSION

Among patients with heart failure seen in the
ambulatory setting, the risks of hospitalization
within 90 days and mortality were both approxi-
mately 3-fold higher in those with KCCQ-OS
scores <25 with similar findings in analyses strati-
fied by heart failure type. Machine learning models
incorporating the KCCQ-OS score demonstrated good
prognostic performance for both 90-day hospitali-
zations and cumulative mortality. The KCCQ-OS
score was the dominant predictor of both hospitali-
zations and mortality as compared with other vari-
ables in these models. Noncompletion of the KCCQ-
12 was independently associated with a higher risk
of hospitalizations and mortality. Collectively, these
findings highlight the potential of the KCCQ-12 to
identify high-risk heart failure outpatients who may
benefit from closer monitoring and more intensive
management.

Our findings align with previous studies that
evaluated the prognostic value of the KCCQ in heart
failure populations. One study found that KCCQ-23
Overall Summary scores <25 (indicating severe
symptoms) were associated with increased hospitali-
zations and mortality among 505 HFrEF outpatients16

and another found that the KCCQ-12 Overall Summary
score was associated with increased mortality and
readmissions among inpatients with heart failure,46

though both studies used hospitalizations and mor-
tality as a composite outcome. The magnitude of risk
we observed (approximately 3-fold higher risk of both
90-day hospitalization and mortality for KCCQ-OS
scores <25 vs $75) is comparable to gradients



TABLE 3 Association of the Kansas City Cardiomyopathy Questionnaire-12 (KCCQ-12) With Cumulative Mortality (N¼2,888)

Cumulative Mortality

All Patients HFrEF HFpEF

HR (95% CI) P Value HR (95% CI) P Value HR (95% CI) P Value

KCCQ-12 scores

KCCQ-OS score 50-74, fair to good 1.69 (1.26-2.26) <0.001 1.66 (1.15-2.37) <0.01 1.68 (1.01-2.80) <0.05

KCCQ-OS score 25-49, poor to fair 2.01 (1.50-2.69) <0.001 2.28 (1.59-3.27) <0.001 1.67 (1.00-2.79) <0.05

KCCQ-OS score 0-24, very poor to poor 3.09 (2.29-4.17) <0.001 3.47 (2.40-5.02) <0.001 2.81 (1.66-4.77) <0.001

Demographics

Age, per 10-y increase 1.43 (1.32-1.56) <0.001 1.51 (1.36-1.68) <0.001 1.37 (1.18-1.58) <0.001

Sex, female 1.23 (1.01-1.50) <0.05 1.17 (0.91-1.51) 0.21 1.52 (1.08-2.14) <0.05

Race, Black 1.20 (0.93-1.54) 0.15 1.17 (0.87-1.59) 0.30 1.22 (0.77-1.95) 0.40

Race, other 0.63 (0.33-1.18) 0.15 0.49 (0.21-1.10) 0.08 0.85 (0.29-2.47) 0.77

Social Vulnerability Index, per 1-SD increase 0.98 (0.89-1.08) 0.65 1.04 (0.93-1.18) 0.49 0.88 (0.75-1.04) 0.13

Clinical variables

Left ventricular ejection fraction, per 5% increase 0.94 (0.92-0.97) <0.001 0.97 (0.92-1.02) 0.27 0.90 (0.79-1.01) 0.08

Body mass index, per 5 kg/m2 increase 0.98 (0.92-1.06) 0.67 1.05 (0.96-1.15) 0.30 0.93 (0.82-1.05) 0.24

Systolic blood pressure, per 10-mm Hg increase 0.97 (0.93-1.02) 0.26 0.97 (0.91-1.04) 0.39 0.97 (0.90-1.05) 0.50

Tobacco, quit 1.17 (0.96-1.42) 0.11 1.21 (0.94-1.55) 0.14 1.17 (0.84-1.63) 0.37

Tobacco, yes 1.40 (1.01-1.93) <0.05 1.37 (0.92-2.02) 0.12 1.86 (1.00-3.47) <0.05

Hospitalization in prior year 1.22 (1.00-1.48) <0.05 1.24 (0.97-1.57) 0.08 1.05 (0.73-1.51) 0.78

Diabetes 1.17 (0.94-1.46) 0.17 1.05 (0.79-1.40) 0.74 1.42 (0.98-2.06) 0.06

Laboratory studies

Sodium, per 5-mEq/L increase 0.87 (0.74-1.02) 0.09 0.74 (0.61-0.91) <0.01 1.17 (0.90-1.53) 0.24

Blood urea nitrogen, per 10-mg/dL increase 1.06 (1.01-1.11) <0.05 1.06 (1.00-1.13) <0.05 1.04 (0.96-1.13) 0.35

Creatinine, per 0.5-mg/dL increase 1.02 (0.98-1.05) 0.30 1.01 (0.97-1.05) 0.67 1.03 (0.98-1.08) 0.29

Hemoglobin, per 1-g/dL decrease 1.00 (0.96-1.04) 0.98 0.98 (0.93-1.03) 0.51 1.05 (0.97-1.15) 0.25

Mean corpuscular volume, per 5-fL increase 1.13 (1.05-1.22) <0.01 1.10 (1.00-1.21) <0.05 1.20 (1.05-1.36) <0.01

RDW-CV, per 1% increase 1.11 (1.07-1.14) <0.001 1.10 (1.06-1.14) <0.001 1.13 (1.07-1.19) <0.001

Albumin, per 0.5-g/dL increase 0.76 (0.67-0.86) <0.001 0.77 (0.66-0.91) <0.01 0.74 (0.60-0.91) <0.01

BNP/NT-proBNP composite, per 1-SD increase 1.34 (1.19-1.52) <0.001 1.37 (1.16-1.61) <0.001 1.38 (1.13-1.68) <0.01

Abbreviations as in Table 1.
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reported in prior work. For example, the KCCQ-12
validation study4 found an approximate 3-fold dif-
ference for KCCQ-OS scores <25 compared with $75
in 6-month composite event rates for death and car-
diovascular hospitalization among stable and acute
HF recovery patients. Our analyses detail strong as-
sociations between the KCCQ-OS score and 90-day
hospitalizations and mortality, each analyzed as a
separate endpoint and across subgroups of heart
failure type.

Building on the significant associations between
KCCQ-OS scores and hospitalizations and mortality in
traditional multivariable regression models, we found
that the KCCQ-OS score emerged as 1 of the most
important features in machine learning models pre-
dicting these outcomes. A study of HFpEF patients
using data from the TOPCAT (Treatment of Preserved
Cardiac Function Heart Failure with an Aldosterone
Antagonist) randomized controlled trial found that
the feature importance of the KCCQ-23 Overall Sum-
mary score in predicting hospitalizations and mor-
tality (AUC increment 0.62)17 was comparable to that
of other variables such as blood urea nitrogen level
(AUC increment 0.60) and age (AUC increment 0.70).
Our finding that the KCCQ-OS score had greater feature
importance than all other demographic and clinical
variables when collected in a nontrial setting was
novel and likely due to several fundamental differ-
ences between clinical trial and pragmatic data. First,
pragmatic cohorts often capture a broader spectrum of
disease severity than clinical trials. For example, the
median KCCQ-OS score in our cohort (59.4) was lower
than baseline scores reported in several landmark
heart failure trials such as PARADIGM-HF (Prospective
Comparison of ARNI [Angiotensin Receptor-
Neprilysin Inhibitor] With ACEI [Angiotensin-
Converting-Enzyme Inhibitor] to Determine Impact
on Global Mortality and Morbidity in Heart Failure),12

PARAGON-HF (Efficacy and Safety of LCZ696
Compared to Valsartan, on Morbidity and Mortality in
Heart Failure Patients With Preserved Ejection Frac-
tion),11 and EMPEROR-Preserved (Empagliflozin
Outcome Trial in Patients With Chronic Heart Failure
With Preserved Ejection Fraction)8 (mean KCCQ scores
72.3, 71.4, and 68.9, respectively). Second, pragmatic
cohorts incorporate latency for various data elements.



FIGURE 1 Association of the Kansas City Cardiomyopathy Questionnaire-12 With Hospitalizations and Mortality
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Overall Summary (KCCQ-OS) scores. Probabilities were derived from multivariable-adjusted logistic regression models for hospitalization and

Cox proportional hazards models for mortality, incorporating restricted cubic splines to account for nonlinear relationships. Shaded areas

represent 95% CIs. Analyses were conducted in all heart failure patients (N ¼ 2,888) and stratified by heart failure phenotype (heart failure

with reduced ejection fraction [HFrEF], n ¼ 1,690; heart failure with preserved ejection fraction [HFpEF], n ¼ 1,198).
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FIGURE 2 Feature Importance for Hospitalizations and Mortality in Machine Learning Models
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This contrasts with clinical trials, in which participants
often have blood draws and vital signs collected at the
same time as the KCCQ-12 during study visits. Last,
pragmatic cohorts have higher proportions of missing
data as comparedwith highly curated clinical trial data
sets, necessitating multiple imputation or similar
methods. All these considerations may increase the
predictive utility of PROMs, such as the KCCQ-12, in
routine clinical care.

One additional, important difference between
pragmatic cohorts incorporating the KCCQ-12 (or any
PROM) as compared with clinical trials is potential
nonresponse bias. Capturing the perspectives of as
many patients as possible is important as patients who
do not complete PROMs tend to be older, less healthy,
and less advantaged compared with those who do.47

This pattern was also apparent in the current study.
Our 66% completion rate for the KCCQ-12 aligns with
PROM completion rates in prior studies, which have
generally ranged from 50% to 80% in PROMs deployed
in routine clinical practice.48 There were statistically
significant differences in comorbidity burden between
patients who completed the KCCQ-12 compared to
those who did not, though these differences were
relatively small in magnitude (Table 1). Both 90-day
hospitalizations and mortality were significantly
higher in the KCCQ-12 noncompletion group, howev-
er, and noncompletion of the questionnaire was
independently associated with worse outcomes after
multivariable adjustment. In examining the associa-
tion between KCCQ-12 noncompletion and outcomes,
it is essential to acknowledge the role of healthy
cohort bias, as patients who completed the KCCQ-12
likely had better health status and were more advan-
taged in ways that were not measured. However, these
findings are consistent with a substantial body of
literature demonstrating that PROM noncompletion
signals increased clinical risk. In a population-based
study of >120,000 patients with cancer, patients
who never completed symptom questionnaires had a
52% higher mortality risk.49 Similarly, patients who
failed to return mailed outcome surveys after total
knee arthroplasty50 and gastric fundoplication51 had
significantly worse functional status and symptom
burden when eventually assessed. The relationship
between PROM noncompletion and adverse outcomes
across multiple clinical domains, including heart fail-
ure, suggests that missing patient-reported data may
represent an important signal warranting clinical
attention rather than merely representing a method-
ological limitation. Future research should explore
whether targeted outreach to PROM noncompleters
might identify high-risk patients who could benefit
from more intensive monitoring.
Although the current study focused on the prog-
nostic capabilities of the KCCQ-12, the instrument is
both a predictor of clinical outcomes and a patient-
centered outcome itself. Interventions designed to
improve KCCQ-OS scores have the potential to engage
a “virtuous cycle”52 in which health status impacts
hospitalization rates and health care resource use,
further impacting quality of life. Clinicians could
utilize KCCQ-OS scores to identify high-risk patients
who may benefit from more intensive guideline-
directed medical therapy and to educate patients
about elevated risk, potentially motivating improve-
ments in self-care behaviors such as medication
adherence. The optimal use of the KCCQ-12 in routine
clinical practice is nuanced, however. The PRO-HF
(Patient-Reported Outcome Measurement in
Heart Failure Clinic) trial demonstrated that using the
KCCQ-12 in outpatient clinics improved patient–
clinician communication,53 but not clinical outcomes
such as hospitalizations and mortality. However, the
much higher baseline KCCQ-OS scores in the PRO-HF
trial indicated that these patients were in a lower risk
category than patients in the current study.6 Notably,
1 study of patients with heart failure seen in the
emergency room demonstrated that self-care in-
terventions may improve KCCQ-OS scores.54 The de-
gree to which the KCCQ-12 can be used both as a
predictive tool and a target for interventions warrants
further investigation.
STUDY LIMITATIONS. Our study has several limita-
tions beyond those already mentioned. First, our
outcome data were limited to information extracted
from the VUMC EHR, potentially missing some deaths
and hospitalizations at outside facilities, though close
follow-up likely minimized this issue. Second, some
general cardiology patients were seen in the VUMC
Heart Failure Clinics in which the KCCQ-12 was
assigned, potentially affecting HFpEF classification.
However, the final cohort was composed of 59%
HFrEF and 41% HFpEF, consistent with the overall
prevalence of these heart failure phenotypes,55 and
both groups had KCCQ-12 scores consistent with
moderate heart failure–related impairment. Third,
several variables had substantial rates of missingness,
particularly NT-proBNP. This missingness may not be
random, as clinicians likely prioritize biomarker
testing in more symptomatic patients, potentially
underestimating the apparent importance of bio-
markers in our machine learning models. However,
this pattern of selective biomarker testing reflects
real-world clinical decision-making, wherein
comprehensive laboratory assessment is not uni-
formly applied to all patients. Fourth, our analyses
used EHR variables closest in temporal proximity to
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the KCCQ-12 completion. This approach reflects real-
world clinical practice where data elements are
collected at different intervals based on clinical ne-
cessity rather than simultaneously with patient-
reported outcomes. The KCCQ-OS score’s emergence
as the dominant predictor of hospitalizations and
mortality highlights its robust utility in routine clin-
ical settings where perfectly contemporaneous mea-
surements are rarely available. Finally, clinicians had
full access to KCCQ-12 scores during clinical encoun-
ters, potentially leading to intensified management
for patients with poor health status. This access
would likely bias our findings toward the null hy-
pothesis, however, suggesting that the observed as-
sociations between KCCQ-12 scores and outcomes
may underestimate the instrument’s true prog-
nostic value.

CONCLUSIONS

Our study suggests that the KCCQ-12 has significant
predictive utility for hospitalizations and mortality in
patients with heart failure when administered during
routine outpatient clinical care. The strong associa-
tions of KCCQ-OS scores with clinical outcomes
combined with the high feature importance of the
questionnaire in machine learning models predicting
these outcomes underscores the potential of this tool
to inform clinical decisions. Further research is
necessary to optimize the use of the KCCQ-12 in
routine heart failure care and evaluate interventions
based on questionnaire scores to enhance quality of
life and reduce mortality.
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