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Abstract

Background: Heart failure (HF) is common and deadly, affecting over 60 million people
worldwide, and it remains a leading cause of hospitalization and post-discharge death.
One-year mortality after an acute decompensated HF (ADHF) admission often approaches
40%. Prognostic models are critical for stratifying mortality risk in heart failure (HF) pa-
tients. This study compared the performance of the MAGGIC and BCN Bio-HF models
in predicting 1-year and 3-year all-cause mortality (ACM) in patients discharged after
acute decompensated HF (ADHF). Methods: A retrospective analysis was conducted
on 229 patients hospitalized for ADHF at the Clinical University Hospital of Zaragoza.
The required variables were extracted from medical records, and ACM risks were cal-
culated using web-based tools. Calibration, discrimination (AUC), and Kaplan–Meier
survival analysis and calibration curves assessed risk stratification and alignment with
observed outcomes. Reclassification metrics (Net Reclassification Index [NRI], Integrated
Discrimination Improvement [IDI]) were used to compare the models’ predictive per-
formances. Results: Both of the models demonstrated robust discrimination for 1-year
ACM (AUC: MAGGIC = 0.738, BCN Bio-HF = 0.769) but showed lower performance for
3-year predictions. Calibration was poor, with both models exhibiting significant risk
underestimation at the individual level. MAGGIC achieved higher sensitivity (1-year:
0.911; 3-year: 0.685), favoring high-risk patient identification, whereas BCN Bio-HF offered
superior specificity (1-year: 0.679; 3-year: 0.746) and a positive prediction value, reducing
false positives. BCN Bio-HF showed a significant 12.7% reclassification improvement for
1-year mortality prediction. Conclusions: BCN Bio-HF did not outperform MAGGIC in
our cohort. MAGGIC is preferable for the initial high-risk patient identification, requiring
more intense short-term follow-up, while BCN Bio-HF’s higher specificity is best-suited
to avoid overtreatment. Altogether, the clinical utility of both models was limited in our
cohort by severe miscalibration, which may render adequate risk stratification difficult.

Keywords: heart failure; acute decompensated heart failure; mortality risk prediction;
MAGGIC risk score; BCN-Bio-HF risk score
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1. Introduction
Heart failure (HF) remains a major global health challenge, characterized by elevated

hospitalization rates, reduced quality of life, and substantial economic burden, partic-
ularly among the elderly [1]. Despite advances in pharmacotherapy and device-based
interventions—including Implantable Cardioverter Defibrillators (ICDs), Cardiac Resyn-
chronization Therapy (CRT), and Ventricular Assist Devices (VADs)—the overall prognosis
is still suboptimal, with approximately 40% of patients dying within the first year after
diagnosis. Clinical practice guidelines for HF emphasize the value of established prediction
models to assess prognosis, guide treatment decisions, and ultimately improve patient
outcomes. In particular, accurate short-term mortality risk prediction is essential in HF
management, as access to certain therapies is restricted to patients meeting 1-year mor-
tality risk thresholds [2]. Prognostic classification is essential to developing personalized
follow-up plans, enabling self-monitoring practices, and assisting physicians in making
well-informed decisions for HF patients [3].

Over the past decade, numerous HF risk calculators have been derived from large
cohort and clinical trial studies (recently reviewed in [4]). Most report acceptable discrim-
inative ability, frequently with C-statistics > 0.70 [5,6], and rely on commonly available
predictors such as NT-proBNP, creatinine, blood urea nitrogen, systolic blood pressure,
sodium, NYHA class, left ventricular ejection fraction, heart rate, sex, and age [7]. How-
ever, important limitations persist. Many models lack rigorous external validation and
exhibit calibration drift, raising concerns about transportability and reliability across set-
tings [6,7]. Methodological shortcomings such as the suboptimal handling of missing data
and low events-per-variable ratios are also frequent. Consequently, while these models
show promise for risk stratification, further validation and impact studies are needed to
determine their clinical utility and cost-effectiveness [5,7].

Among the available tools online, the Meta-Analysis Global Group in Chronic Heart
Failure (MAGGIC) score is probably the most widely published and best-validated model.
Developed in 2013 from thirty cohort studies, including six clinical trials and encompassing
different HF phenotypes [8], MAGGIC uses 13 demographic and clinical variables to cal-
culate 1- and 3-year all-cause mortality (ACM) risk in HF patients. Medication inputs are
limited to beta-blockers and ACEI/ARB. The MAGGIC score has shown consistently good
performance across varied clinical contexts [9]. In a study including 10,930 ambulatory pa-
tients, the MAGGIC score was evaluated alongside the Seattle Heart Failure Model (SHFM),
another widely used HF risk score [10]. The study did not find any significant benefit in
using one risk model over the other [11], but MAGGIC is easier to apply, requiring roughly
half of the variables included in the SHFM, and it is less dependent on pharmacological
therapies. While MAGGIC and SHFM address short- and long-term mortality in chronic
HF, other scores have been developed to predict in-hospital mortality, such as the Get With
The Guidelines-Heart Failure (GWTG-HF) and the Acute Decompensated Heart Failure
National Registry (ADHERE) risk scores. A recent single-center meta-analysis and external
validation comparing SHFM, MAGGIC, GWTF-HF, ADHERE, and other established scores
found similar discrimination for 1-year mortality (AUCs ~0.76–0.82) but showed systematic
miscalibration, with most models overestimating risk [12]. In terms of balance, MAGGIC
is frequently preferred among established models due to its broad validation, the small
number of required variables, and its online availability.

The Barcelona Bio-Heart Failure (BCNBio-HF v3.0) risk calculator represents a more
contemporary alternative [13]. It is accessible online and has undergone successive updates
to reflect evolving standards of care, including ARNIs, CRT, ICDs, and, most recently,
iSGLT2s [14]. The full BCN Bio-HF model incorporates biomarkers that capture HF’s
underlying pathophysiology (NT-proBNP, troponins, and sST-2), while a reduced model
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enables risk estimation when biomarkers are unavailable. BCN bio-HF has demonstrated
good predictive performance (AUCs in the 0.5–0.80 range) across different HF settings,
though validations have typically involved relatively small cohorts [15].

This study evaluates the utility of the BCN Bio-HF risk calculator in predicting short-
and long-term mortality risk for patients discharged after an ADHF episode in a setting
where biomarkers are unavailable, which has been insufficiently demonstrated. Using
MAGGIC as a benchmark, we conduct a rigorous head-to-head comparison to determine
which models offer superior discrimination, calibration, and clinical utility for predicting 1-
and 3-year ACM in a real-world post-discharge cohort. By assessing the non-biomarker
BCN Bio-HF model, we test whether a simpler clinical-based approach can deliver reliable
risk stratification when resources are limited. Should BCN Bio-HF outperform MAGGIC,
its contemporary design, flexibility to incorporate high-value biomarkers, and iterative up-
dates aligned with current therapeutic strategies would support its adoption as a preferred
tool in this clinical setting.

2. Materials and Methods
2.1. Study Design and Participants

This retrospective observational study was conducted on a cohort of patients treated
for acutely decompensated heart failure (ADHF) at the Internal Medicine Department of
the Clinical University Hospital of Zaragoza. The cohort included patients treated between
2013 and 2018. Therapeutic strategies were consistent throughout and reflect that period’s
practices. Patients were enrolled consecutively if they consented to participate and signed
an informed consent form.

The study’s primary outcome was all-cause mortality (ACM) within three years of
discharge. The secondary outcome was ACM within one year. Outcomes were obtained for
this study from medical records. The study adheres to the Declaration of Helsinki (Fortaleza,
Brazil, 2013) and good clinical practice guidelines. Ethical approval was obtained from the
Comité de Ética en la Investigación Clínica de Aragón (CEICA; PI12/117; 3 October 2012).

2.2. Data Collection and Processing

The variables required for each risk model (Table 1) were extracted from the participant
database. Missing data was supplemented from medical records. Patients with unavailable
left ventricular ejection fraction (LVEF) measurements were excluded from this study.
Body mass index (BMI) was calculated from height and weight. For patients missing
height or weight values, the cohort’s median BMI was imputed. Smoking habits had
not been recorded in the participant database, and all patients were classified as non-
smokers. Smoking status was unavailable and imputed as ‘non-smoker’ for all patients.
Because current smoking is included in MAGGIC, this approach may bias MAGGIC
prediction downward in true smokers. Sensitivity analysis was not feasible given the lack
of source smoking data. We did not perform resampling-based internal validation (e.g.,
bootstrapping) or model refitting; our objective was an external use-case evaluation of
published tools.

Individual 1- and 3-year mortality risks were calculated using the MAGGIC (https:
//www.mdcalc.com/calc/3803/maggic-risk-calculator-heart-failure; accessed March 2023)
and BCN Bio-HF 3.0 (http://ww2.bcnbiohfcalculator.org/web/; accessed March 2023)
online calculators. Observed mortality rates were determined for risk groups or categories
as the number of events divided by the number of patients in each group. Participant
categories (terciles, sextiles, or deciles) were assigned based on the distribution of the
MAGGIC scores or predicted risk distributions.

https://www.mdcalc.com/calc/3803/maggic-risk-calculator-heart-failure
https://www.mdcalc.com/calc/3803/maggic-risk-calculator-heart-failure
http://ww2.bcnbiohfcalculator.org/web/
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Table 1. Clinical characteristics of patients on admission and grouped by 1-year and 3-year mortality.

1-Year Follow-Up 3-Year Follow-Up
M B Total Survivor Deceased p Survivor Deceased p

n, % 229 184 (80.3) 45 (19.7) 118 (51.5) 111 (48.5)
Demographics

Age, years X X 81 (10) 80 (11) 83 (6) 0.002 80 (11) 81 (8) 0.045
Gender, females X X 118 (51.5) 97 (52.7) 21 (46.7) 0.467 63 (53.4) 55 (49.5) 0.561

BMI X 29.3 (6.5) 29.3 (6.8) 27.7 (7) 0.157 30.04 (7.5) 27.55 (7.6) 0.039
HF ≥ 18 months X 109 (47.6) 83 (45.1) 26 (57.8) 0.127 50 (42.4) 59 (53.2) 0.103

Months of HF X 14 (49) 11.50 (43) 21 (59) 0.078 8.5 (43) 20 (53) 0.116
Previous admissions X 0 (1) 0 (1) 1 (1) 0.151 0 (1) 1 (1) 0.005

NYHA X X
NYHA Class I 21 (9.2) 19 (10.3) 2 (4.4) 0.004 16 (13.6) 5 (4.5) 0.002
NYHA Class II 153 (66.8) 130 (70.7) 23 (51.1) 84 (71.2) 69 (62.2)
NYHA Class III 53 (23.1) 34 (18.5) 19 (42.2) 18 (15.3) 35 (31.5)
NYHA Class IV 2 (0.9) 1 (0.5) 1 (2.2) 0 (0) 2 (1.8)
Clinical profile

Vital signs upon
admission

SBP, mmHg X 136 (38) 140 (42.8) 129 (26) 0.057 143 (44.3) 133.5 (27) 0.096
LVEF, % X X 54 (24) 54 (22) 49 (29) 0.095 54 (24) 54.5 (25) 0.600

Comorbidities
Ischemic cardiopathy 83 (36.2) 66 (35.9) 17 (37.8) 0.811 39 (33.1) 44 (39.6) 0.300

Hypertension 192 (83.8) 155 (84.2) 37 (82.2) 0.742 98 (83.1) 94 (84.7) 0.737
Diabetes mellitus X X 94 (41.0) 75 (40.8) 19 (42.2) 0.858 49 (41.5) 45 (40.5) 0.880
Atrial fibrillation 138 (60.3) 109 (59.2) 29 (64.4) 0.522 67 (56.8) 71 (64) 0.267

CKD 65 (28.4) 47 (25.5) 18 (40.9) 0.043 21 (17.8) 44 (40) 0.000
COPD X 37 (16.2) 32 (17.4) 5 (11.1) 0.305 21 (17.8) 16 (14.4) 0.487

Medication at discharge
Furosemide equivalents X 30 (20) 20 (20) 40 (30) 0.000 20 (10) 30 (20) 0.000

Statins X 97 (42.4) 79 (42.9) 18 (40) 0.721 50 (42.4) 47 (42.3) 0.996
Beta-blockers X X 135 (59) 111 (60.3) 24 (53.5) 0.393 69 (58.5) 66 (59.5) 0.880
ACE-I/ARBs X X 166 (72.5) 137 (74.5) 29 (64.4) 0.178 86 (72.9) 80 (72.1) 0.891

MRAs X 75 (32.8) 55 (29.9) 20 (44.4) 0.062 32 (27.1) 43 (38.7) 0.061
ARNI X 2 (0.9) 1 (0.5) 1 (2.2) 0.278 0 (0) 2 (1.8) 0.143

Interventions
CRT X 3 (1.3) 3 (1.6) 0 (0) 0.389 0 (0) 3 (2.7) 0.072
ICD X 2 (0.9) 1 (0.5) 1 (2.2) 0.278 0 (0) 2 (1.8) 0.143

Laboratory
Hb, g/dL X 12.2 ± 1.9 12.3 ± 2 11.7 ± 1.5 0.026 12.5 ± 1.9 11.8 ± 1.8 0.017

Serum creatinine,
mg/dL X 1.10 (0.6) 1.07 (0.57) 1.24 (0.65) 0.002 1.02 (0.56) 1.165

(0.63) 0.004

eGFR-MDRD,
mL/min/1.73 m2 X 61 (31) 63 (30.8) 52 (24) 0.002 65 (32.5) 58 (27.8) 0.003

Serum cystatin C 1.450 (0.6) 1.415 (0.6) 1.730 (0.7) 0.003 1.32 (0.6) 1.485 (0.8) 0.002
eGFR EpiCys,

mL/min/1.73 m2 43 (24.5) 44.5 (28.5) 34 (20.5) 0.002 47 (24.5) 40 (27.3) 0.002

Sodium, mEq/L X 142 (4) 142 (4) 140 (5) 0.052 141 (5) 141 (5.3) 0.808
Potassium, mEq/L 4.1 ± 0.53 4.1 ± 0.52 4.1 ± 0.52 0.993 4.0 ± 0.53 4.1 ± 0.54 0.282

Values are shown as mean (SD) for parametric quantitative variables and median (IQR) for non-parametric vari-
ables and as net number and percentage, n (%), for qualitative variables. Conversion factors (molecular weights
g/mol): hemoglobin 64000, creatinine 113.12, uric acid 168.1, sodium 23, potassium 39. M = variables computed in
MAGGIC (https://www.mdcalc.com/calc/3803/maggic-risk-calculator-heart-failure, accessed 8 August 2025);
B = variables computed in BCN Bio-HF clinical model without biomarkers (http://ww2.bcnbiohfcalculator.org/
web/, accessed 8 August 2025). Abbreviations: NYHA, New York Heart Association; SBP, systolic blood pressure;
LVEF, left ventricular ejection fraction; CKD, chronic kidney disease; COPD, chronic obstructive pulmonary
disease; ACE-I, angiotensin converting enzyme inhibitors; ARB, angiotensin receptor blocker; MRA, mineralocor-
ticoid receptor antagonist; ARNI, Angiotensin Receptor-Neprilysin Inhibitor; CRT, Cardiac Resynchronization
Therapy; ICD, Implantable Cardioverter Defibrillator; Hb, hemoglobin; eGFR-MDRD, estimated glomerular
filtration rate by modification of diet in renal disease study formula.

https://www.mdcalc.com/calc/3803/maggic-risk-calculator-heart-failure
http://ww2.bcnbiohfcalculator.org/web/
http://ww2.bcnbiohfcalculator.org/web/
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2.3. Statistical Analysis
2.3.1. Descriptive Statistics

Continuous variables were summarized as mean ± standard deviation (SD) or median
with interquartile range (IQR), depending on normality. Categorical variables were re-
ported as absolute frequencies and percentages. Comparisons of parametric variables were
performed using Student’s t-test or ANOVA, while non-parametric comparisons employed
the Mann–Whitney U, Kruskal–Wallis, or chi-squared tests. Correlations were assessed
using Pearson and Spearman tests, depending on the distribution.

2.3.2. Assessment of Discrimination

The model’s ability to distinguish patients with different mortality risk was evaluated
using Receiver Operating Characteristic (ROC) analysis. The Area Under the Curve (AUC)
values were compared using a paired-sample design, employing the DeLong method in
SPSS v26, IBM. Model discrimination ability was further assessed by comparing Kaplan–
Meier survival curves across predicted risk categories, and statistical significance was
determined using the log-rank test.

2.3.3. Assessment of Calibration

Whether the models over- or underestimate mortality risk was assessed by comparing
the observed and predicted mortalities across risk categories. The Hosmer–Lemeshow
statistic was calculated using binary logistic regression, where 1- or 3-year observed mor-
tality served as the dependent variable and the predicted mortality risk as the covariate.
Calibration plots were generated, and R2 values were used to evaluate model fit.

2.3.4. Reclassification

MAGGIC and BCN Bio-HF performance in predicting mortality risk was compared
using sensitivity, 1-specificity, positive predicted value (PPV) and negative predictive value
(NPV), and the Brier score. Reclassification metrics included the Brier Skill Score, the
absolute Net Reclassification Index (NRI), and the Integrated Discrimination Improvement
Index (IDI), taking MAGGIC as the reference model when applicable.

Statistical analyses and graphical outputs were obtained using IBM SPSS Statistics
version 26 (IBM Corp., Armonk, NY, USA) and Microsoft Excel (Microsoft Corp., Redmond,
WA, USA).

3. Results
3.1. Study Population and Baseline Characteristics

The analyzed cohort consisted of 229 patients admitted with acute decompensated
heart failure for which we had on record their LVEF value (Figure 1). Table 1 summarizes
their baseline clinical characteristics. Global features are typical of an HF population, with
a preponderance of elderly female patients in the functional class NYHA II-III, impaired
renal function, and common comorbidities such as hypertension and diabetes mellitus.
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Figure 1. The patient selection algorithm. The initial cohort included 384 patients. After excluding
14 patients who died during admission (IH death), 370 patients remained with all variables required
for calculating the BCN Bio-HF risk model. An additional 141 patients were excluded due to missing
data for SBP and FEVI, which are needed for MAGGIC calculations. The final cohort comprised
229 patients with complete data for both MAGGIC and BCN Bio-HF calculators.

Age, greater NYHA class, larger doses of furosemide equivalents administered during
hospitalization, and lower blood hemoglobin were the factors associated with increased
mortality rates at one-year follow-up. Impaired kidney function was a prominent risk
factor, whether assessed using the previous history of chronic kidney disease (CKD) or the
baseline serum creatinine, serum cystatin C, or estimated GFR. Although not statistically
significant, increased systolic blood pressure (SBP) and sodium serum levels seemed to
have a protective effect on 1-year mortality. There was a strong correlation between a
greater BMI and a decreased risk of death during a 3-year period. Patients who had died
1 year after discharge had a non-significantly lower LVEF, a trend that was no longer
observed at the 3-year follow-up.

3.2. Observed Mortality and Predicted Risk Probability Distributions

The average individual follow-up time was 786.8 ± 387.9 days (2.15 ± 1.06 years).
A total of 111 patients died during the study period (48.5%; 19.7% in the first year).

The MAGGIC score (0–40 range) was calculated for each patient. A plot of observed
mortality rates for each value of MAGGIC score demonstrates a clear positive association
between the risk score and observed mortality rate, indicating that MAGGIC is able to
predict mortality in our cohort (Figure 2A). Moreover, MAGGIC predictions showed a
strong correlation with those calculated by the BCN Bio-HF model (Figure 2B), both during
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the 1-year (R2 = 0.869, Spearman’s rho 0.664, p = 0.000) and 3-year (R2 = 0.9311, Spearman’s
rho 0.665, p = 0.000) follow-up periods.

Figure 2. (A) MAGGIC scores were normally distributed (light blue bars). Mortality rates at 1-year
(orange line) and 3-year (black line) follow-ups correlated with MAGGIC scores. (B) MAGGIC-
predicted mortality risks were correlated with those calculated by BCN Bio-HF at both 1-year (blue)
and 3-year (orange) follow-ups.

3.3. ROC Analysis and Risk Discrimination by MAGGIC and BCN Bio-HF

A Receiver Operating Characteristic (ROC) analysis demonstrated that both models
have similar capabilities to discriminate patients at risk (Figure 3). Predictions for 1-year
mortality (MAGGIC AUC = 0.738 [0.658–0.818], BCN Bio-HF AUC = 0.769 [0.699–0.839])
were more accurate than those for 3-year mortality (MAGGIC AUC = 0.664 [0.594–0.734],
BCN Bio-HF AUC = 0.654 [0.583–0.724]). The differences between the models were not
statistically significant (1-year p = 0.373, 3-year p = 0.754).

3.4. Calibration of MAGGIC and BCN Bio-HF Risk Models

Both models underestimated the observed mortality rates at 1 and 3 years. MAGGIC
predicted that the global mortalities were 16.1% at 1 year and 35.7% at 3 years, compared
to the observed rates of 19.7% and 48.5%, respectively. BCN Bio-HF predicted even lower
mortality rates of 10.8% for 1 year and 26.7% for 3 years. Both prediction models were,
however, found to accurately fit the data, based on the Hosmer–Lemeshow test. The X2

values for the 1-year period for MAGGIC and BCN Bio-HF were 8.162 (p = 0.418) and
3.816 (p = 0.873), respectively. For the 3-year follow-up, the X2 values for MAGGIC and
BCN Bio-HF were 5.954 (p = 0.652) and 5.965 (p = 0.651), respectively.
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Figure 3. Receiver Operating Curves (ROC) for predicting 1-year (A) and 3-year (B) mortality using
the MAGGIC (blue line) and BCN Bio-HF (red line) risk calculators.

The performance of the MAGGIC and BCN Bio-HF risk models was analyzed in
more detail using calibration plots comparing the observed and predicted mortality rates
across 10 risk categories (deciles for each prediction risk distribution). Figure 4 shows
that MAGGIC mortality rate predictions were adequate for low–middle-risk groups at
1 year and for the highest risk group at 3 years (Figure 4A,B). However, BCN Bio-HF
demonstrated rather poor calibration, except for the 3-year prediction in the highest-risk
group (Figure 4C,D).

 

Figure 4. Calibration curves for predicting 1-year (A,C) and 3-year (B,D) mortality using MAGGIC
(top) and BCN Bio-HF (bottom) risk calculators. The graphs show smoothed correlation plots for
observed versus predicted mortality rates, calculated for each risk decile.
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3.5. Stratification of Patient Risk

The results of the Kaplan–Meier survival curves (Figure 5) for patients grouped ac-
cording to their predicted risk mortality (sextiles) demonstrate that both models effectively
identify patients with greater risk throughout the 1-year and 3-year follow-up periods
(log-rank tests p < 0.000).

 

Figure 5. Kaplan–Meier curves showing cumulative survival over 1-year (A,C) and 3-year
(B,D) follow-up periods for MAGGIC (top) and BCN Bio-HF (bottom) calculated risks. Each plot
displays curves for six patient risk groups (sextiles). At the 1-year follow-up, BCN Bio-HF sextiles
effectively separated patients into two distinct groups, namely low- (S1 = 00%, S2 = 10.4%, S3 = 2.9%)
and high-risk (S4 = 35.3%, S5 = 30.2%, S6 = 45.2%). However, MAGGIC sextiles successfully identified
three distinct groups, namely low- (S1 = 5.3%, S2 = 7.9%), middle- (S3 = 15.6%, S4 = 19.5%), and
high-risk patients (S5 = 32.4%, S6 = 42.4%). BCN Bio-HF sextiles (S1 = 30.2%, S2 = 42.1%, S3 = 40%,
S4 = 53.8%, S5 = 58.3%, S6 = 68.4%) showed superior ability to distinguish 3-year mortality risk
compared to MAGGIC sextiles (S1 = 26.3%, S2 = 28.9%, S3 = 53.3%, S4 = 60%, S5 = 61.8%, S6 = 63.6%).

Model predictions allow for assigning patients to Low-risk (0.0–0.1 predicted rate, S1–
S2), Medium-risk (0.1–0.2, sextiles S3 and S4), or High-risk categories (0.2–1; sextiles S5 and
S6) for the 1-year mortality predictions and Low-risk (0.0–0.2 predicted rate), Medium-risk
(0.2–0.4), or High-risk (0.4–1.0) for the 3-year predictions. MAGGIC discriminated better
the three risk levels at the 1-year prediction, whereas BCN Bio-HF performed better at the
3-year prediction (Figure 5).

3.6. Comparative Reclassification Analysis

Reclassification metrics were used to assess the relative performance of MAGGIC
and BCN Bio-HF in categorizing patients into clinically meaningful risk strata. Figure 6
compares the frequencies within predicted mortality risk categories (Low, Medium, and
High) to evaluate how differently MAGGIC and BCN Bio-HF classify survivors and event
patients. For 1-year mortality (Figure 6A), the percentage of survivors correctly identified
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as Low-risk was markedly higher for BCN Bio-HF compared to the MAGGIC model (67.4%
vs. 23.4%). On the other hand, the MAGGIC model accurately predicted almost twice as
many events (55.5% vs. 26.7%) when considering the High-risk group. However, only
17.8% of events were classified by BCN Bio-HF as Low-risk. Similar observations were
made for the 3-year prediction (Figure 6B).

 

Figure 6. (A) Reclassification of 1-year mortality risk. Survivors and deceased (event) patients were
divided into three risk groups (Low = 0.0–0.1, Medium = 0.1–0.2, and High ≥ 0.2) for each model.
Within colored cells, black and red numbers indicate patients whose risk classification would improve
or worsen, respectively, using BCN Bio-HF for assessment instead of MAGGIC. (B) Reclassification
of 3-year mortality risk (Low = 0.0–0.2, Medium = 0.2–0.4, and High ≥ 0.4).

The Net Reclassification Index (NRI) and the Integrated Discrimination Improvement
(IDI) reclassification metrics were used to quantify the enhancement in risk classification
by BCN Bio-HF compared to MAGGIC. The NRI evaluates the net proportion of patients
correctly reclassified. The categorical NRI at 1 year comprised an event NRI of 0.400 and a
non-event NRI of 0.527, yielding a net 12.7% improvement for BCN Bio-HF; at 3 years, an
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event NRI of 0.414 and a non-event NRI of 0.424 summed to 0.93%. The IDI, reflecting the
mean improvement in predicted risk across the cohort, showed no significant advantage
for BCN Bio-HF compared to MAGGIC (Table 2).

Table 2. Comparison of MAGGIC and BCN Bio-HF models.

MAGGIC BCN Bio-HF Direct Comparison
1-Year 3-Years 1-Year 3-Years 1-Year 3-Year

ROC analysis * ** * **

AUROC 0.738 ± 0.041
(0.658–0.818)

0.664 ± 0.036
(0.594–0.734)

0.769 ± 0.036
(0.699–0.839)

0.654 ± 0.036
(0.583–0.724)

Sensitivity 0.911 0.685 0.800 0.468
FPR (1-specificity) 0.690 0.441 0.321 0.254
Specificity (1-FPR) 0.310 0.559 0.679 0.746

Precision

PPV 0.244 0.594 0.379 0.634
NPV 0.934 0.654 0.933 0.599

Accuracy

Brier score 0.143 ± 0.245 0.247 ± 0.188 0.148 ± 0.281 0.282 ± 0.278
Brier Skill Score −0.035 −0.142

Reclassification indexes

NRI 12.7% 0.93%
IDI 0.00603 0.01054

* p < 0.05, ** p < 0.01. AUROC: Area Under the Receiver Operating Curve. Data shown as AUC ± SD (95%
confidence interval). PPV: positive predictive value; NPV: negative predictive value; NRI: Net Reclassification
Index; IDI: Integrated Discrimination Improvement index. Sensitivity, 1-Specificity, PPV, and NPV provided for
0.3 risk cut-off (MAGGIC-predicted risk).

The reclassification matrix in Figure 6 suggests differences in sensitivity and specificity
between the models that were confirmed by calculating these parameters using a 0.3 risk
threshold for events (Table 2). Sensitivity, which measures the ability to identify high-risk
patients, was higher for MAGGIC (0.911 vs. 0.800 for 1-year mortality; 0.685 vs. 0.468 for
3-year mortality). Specificity, on the other hand, was superior for BCN Bio-HF (0.679 vs.
0.310 for 1-year mortality; 0.746 vs. 0.559 for 3-year mortality), indicating its strength in
minimizing false positives.

The differences in specificity were reflected in a greater positive predictive value
(PPV) for BCN Bio-HF, especially at the 1-year prediction, indicating improved accuracy
in identifying actual events. PPVs increased in both cases for the 3-year predictions. In
contrast, the negative predictive value (NPV) was higher for 1-year mortality and similar
in both models, correctly classifying 90% of negative events.

Brier scores, a measure of overall prediction accuracy, yielded similar values in both
models, with both models performing better in 1-year predictions (Table 2). MAGGIC
slightly outperformed BCN Bio-HF, as shown by the negative values in the Brier Skill
Score test.

4. Discussion
This study provides a detailed comparative analysis of the MAGGIC and BCN Bio-HF

(v3.0) risk models for predicting mortality in patients discharged after acute decompensated
heart failure (ADHF) episodes. Both models were developed in chronic HF populations,
lacked direct comparison in the setting of acute heart failure [16–19], or comparisons did
not include reclassification analysis [12,20,21]. MAGGIC was chosen as the benchmark
for its broad use and validation, accessibility, ease of use, and reliance on relatively few
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clinical variables [22–27]. We took advantage of BCN Bio-HF’s flexibility to calculate risk
in the absence of biomarkers to reflect settings where laboratory access is limited. In
this context, our results show broadly similar discrimination but varied in calibration,
sensitivity, specificity, and clinical utility across the 1- and 3-year follow-ups.

4.1. Discrimination

At 1 year, both scores achieved acceptable discrimination, consistent with reports
across mixed clinical settings [6,11,13,14,17–19]. The ROC-based comparisons did not
identify a statistically meaningful advantage of one model over the other, aligning with
prior work showing comparable C-indices among contemporary HF scores [11,18].

At 3 years, discriminatory ability was reduced for both scores, a pattern repeatedly
observed when prediction horizons lengthen and clinical heterogeneity becomes complex.

4.2. Calibration

Many studies comparing risk model performance stop at reporting AUC values. ROC
analysis to determine AUCs as a measure of predictive power is a simple approach which
only provides an overall indicator of the models’ discriminatory ability. Hence, a more
thorough analysis was carried out to establish BCN Bio-HF’s advantages and disadvantages
with respect to MAGGIC’s. We found both models underestimated the observed mortality
at 1 year. The miscalibration issue is consistent with prior validation studies, showing
a decline in performance when applied to real-world populations [16–20,28–32]. Likely
contributors include our cohort’s older age, differences in therapy strategies, post-ADHF
management, and higher event rates relative to the large ambulatory populations used
to derive MAGGIC and BCN Bio-HF scores. The low use of newer therapies (ARNIs and
SGLT2is) in our cohort may partially explain the miscalibration in BCN Bio-HF 3.0 but not
for MAGGIC, the development of which predates our cohort. Moreover, the contribution
of these therapies to BCN Bio-HF’s risk algorithm is not as significant as that of other
more traditional variables included in MAGGIC. The handling of missing data may have
also introduced some bias, particularly for MAGGIC, as explained below. Recalibration,
calibration slope adjustment, or selective refitting of the influential coefficients in the models
may be necessary to improve transportability to specific real-world settings.

4.3. Stratification, Reclassification, and Clinical Utility

Miscalibrated models can still be useful if there is a good correlation between the
predicted and real mortality, allowing for the classification of patients to different risk
groups of clinical value. Risk stratification analyses (Kaplan–Meier curves) demonstrated
that both models effectively identified high-risk and low-risk patient groups at the 1-year
follow-up, although they faced challenges in discriminating between intermediate-risk
patients. At the 3-year follow-up, both models performed better in discriminating the
medium-risk patients, especially BCN Bio-HF.

Next, we quantified, using several parameters, the improvement in risk stratification
that the use of BCN Bio-HF would bring about over MAGGIC. While MAGGIC exhib-
ited higher sensitivity in predicting 1-year mortality, its specificity and PPVs were worse
than those of BCN Bio-HF. These differences were reflected in a significant performance
enhancement for 1-year mortality prediction by BCN Bio-HF (NIR 12%), which is largely
due to its better ability to correctly classify survivors.

The performance of both models in long-term (3-year) prognosis was dramatically de-
creased for both models, and there was no gain from the use of BCN Bio-HF over MAGGIC.



Hearts 2025, 6, 26 13 of 17

4.4. Clinical Utility

Our results indicate that both models perform similarly in our cohort, with small
differences in sensitivity and specificity. MAGGIC’s higher sensitivity makes it better-
suited for identifying patients at risk who might benefit from closer monitoring, while
BCN Bio-HF would be a preferable option over MAGGIC when the goal is to avoid the
overtreatment of patients at low risk. Since both scores are easy to calculate, one model’s
strengths may complement the other’s. MAGGIC screening would produce a high number
of false positives requiring independent interrogation, which could be carried out by
calculating BCN Bio-HF scores. The systematic calculation of MAGGIC and BCN Bio-
HF at discharge might represent a cost-efficient measure to stratify patients according to
their predicted short-term prognoses. Patients who are truly at high risk would benefit
from targeted intensive interventions such as advanced imaging, device implantation, or
close follow-up [2,3]. Taking advantage of BCN Bio-HF’s greater specificity would help
avoid the overtreatment of false positives which could lead to unnecessary procedures,
adverse effects, or resource strain. This is an intriguing hypothesis that deserves further
investigation in larger cohorts.

4.5. Limitations

This study reflects real-world clinical practice, but it has several limitations that must
be considered. Key limitations include the following: a small, single-center sample size; the
retrospective design; an absence of external validation; the missing smoking data (coded
as non-smoker); a lack of internal resampling; and that patient enrollment was prior to
widespread ARNI/SGLT2i use. The relatively small-sized, single-center sample limits
the generalizability of our findings. We did not perform bootstrapping or other internal
validation procedures; future work should incorporate resampling and, if warranted,
recalibration. The cohort’s older age and moderate use of interventional therapies differ
from the studies in which the risk scores were developed. Enrollment occurred in 2013–2018,
largely preceding the routine use of SGLT2 inhibitors and ARNIs. Consequently, our
cohort’s treatment intensity and event rates differed from contemporary practice, plausibly
limiting generalizability to populations treated under modern clinical guidelines. BCN
Bio-HF v3.0 includes SGLT2is/ARNIs in its algorithm, and exposure to these therapies in
our cohort was very low (ARNIs 0.9% and no meaningful SGLT2i use). This might have
contributed to the calibration issues, especially affecting the more contemporary BCN
Bio-HF 3.0.

The exclusion of biomarkers could have reduced the prediction performance. The
addition of biomarkers (e.g., NT-proBNP) to BCN Bio-HF usually improves its perfor-
mance [16,20]. However, the integration of biomarkers can offer modest improvements in
risk prediction [25,31–34], no gain at all [31,34], or conflicting results [21], and it requires
the careful consideration of cost and availability [35]. On the other hand, exclusive reliance
on clinical variables simplifies the application of risk models. Our findings confirm that risk
can be assessed properly when resources are limited and there are no biomarkers available.

Smoking status was unavailable and imputed as ‘non-smoker’ for all patients. Because
current smoking is included in MAGGIC, this approach may bias MAGGIC’s prediction
downward in true smokers. Sensitivity analysis was not feasible given the lack of source
smoking data. Risk prediction models face challenges with missing data and variable
availability across healthcare settings [12,17,20]. MAGGIC does not address missing data,
risking underestimation, while BCN Bio-HF imputes pathological values, potentially lead-
ing to overestimation. We mitigated these issues by excluding cases with missing key
variables. Simplified models requiring fewer inputs may be more suitable for real-world
conditions [36].
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Taken together, these findings should be considered hypothesis-generating and war-
rant confirmation in larger, multi-center cohorts with contemporary therapeutic options and
ideally in prospective designs enabling model updates or recalibration before influencing
definitive clinical pathways.

5. Conclusions
This single-center, retrospective study provides a comprehensive comparison of two

online calculators for predicting mortality in patients discharged after acute decompensated
heart failure (ADHF). Despite calibration issues, MAGGIC and BCN Bio-HF models showed
good discrimination ability, allowing for clinically meaningful patient risk stratification
in the short-term follow-up. Differences in the classification metrics suggest BCN Bio-HF
might outperform MAGGIC, with good sensitivity and superior specificity in identifying
patients at 1-year mortality risk. The clinical utility of both models in our cohort was limited
by severe miscalibration which may render adequate risk stratification difficult. Proper
validation in real-world contexts, assessing risk stratification performance, is recommended
before including a risk prediction model in clinical practice.
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LVEF left ventricular ejection fraction
CKD chronic kidney disease
COPD chronic obstructive pulmonary disease
ACE-I angiotensin-converting enzyme inhibitor
ARB angiotensin receptor blocker
MRA mineralocorticoid receptor antagonist
Hb hemoglobin

eGFR-MDRD
estimated glomerular filtration rate by modification of diet in renal disease
study formula

PPV positive predictive value
NPV negative predictive value
NRI Net Reclassification Index
IDI Integrated Discrimination Improvement Index
ARNI Angiotensin Receptor-Neprilysin Inhibitor
CRT Cardiac Resynchronization Therapy
ICD Implantable Cardioverter Defibrillator
ADHF acute decompensated heart failure
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