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Purpose: This study aimed to develop an integrative dynamic nomogram, including N-terminal pro-B type natural peptide (NT-
proBNP) and estimated glomerular filtration rate (¢éGFR), for predicting the risk of all-cause mortality in HFmrEF patients.
Patients and Methods: 790 HFmrEF patients were prospectively enrolled in the development cohort for the model. The least
absolute shrinkage and selection operator (LASSO) regression and Random Survival Forest (RSF) were employed to select predictors
for all-cause mortality. Develop a nomogram based on the Cox proportional hazard model for predicting long-term mortality (1-, 3-,
and 5-year) in HFmrEF. Internal validation was conducted using Bootstrap, and the final model was validated in an external cohort of
338 consecutive adult patients. Discrimination and predictive performance were evaluated by calculating the time-dependent
concordance index (C-index), area under the ROC curve (AUC), and calibration curve, with clinical value assessed via decision
curve analysis (DCA). Integrated discrimination improvement (IDI) and net reclassification improvement (NRI) were used to assess
the contributions of NT-proBNP and eGFR to the nomogram. Finally, develop a dynamic nomogram using the “Dynnom” package.
Results: The optimal independent predictors for all-cause mortality (APSELNH: A: angiotensin-converting enzyme inhibitors/
angiotensin receptor blockers/angiotensin receptor-neprilysin inhibitor (ACEI/ARB/ARNI), P: percutaneous coronary intervention/
coronary artery bypass graft (PCI/CABG), S: stroke, E: eGFR, L: Ig of NT-proBNP, N: NYHA, H: healthcare) were incorporated into
the dynamic nomogram. The C-index in the development cohort and validation cohort were 0.858 and 0.826, respectively, with AUCs
exceeding 0.8, indicating good discrimination and predictive ability. DCA curves and calibration curves demonstrated clinical
applicability and good consistency of the nomogram. NT-proBNP and eGFR provided significant net benefits to the nomogram.
Conclusion: In this study, the dynamic APSELNH nomogram developed serves as an accessible, functional, and effective clinical
decision support calculator, offering accurate prognostic assessment for patients with HFmrEF.
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Introduction

Heart failure (HF) affects over 60 million patients worldwide, characterized by high morbidity and poor prognosis,
making it a global public health priority.' Based on left ventricular ejection fraction (EF), the 2021 ESC chronic heart
failure guidelines classify HF into three subgroups: HF with reduced EF (HFrEF; EF<40%), HF with mildly reduced EF
(HFmrEF; EF 41-49%), and HF with preserved EF (HFpEF; EF>50%). HFmrEF, constituting 13-24% of global HF
patients,> is often considered a “gray” area between HFpEF and HFrEF, gaining increasing attention recently. Some

reports suggest that the all-cause mortality of HFmrEF is lower than HFrEF and similar to HFpEF,*> while another study
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pooled longitudinal cohort data from four communities and found that HFmrEF had a higher mortality rate than HFrEF
and HFpEF.® Indeed, as a heterogeneous syndrome, HFmrEF exhibits considerable clinical uncertainty. So far, risk
strategies of prognosis for HFmrEF are unclear, treatment options are imperfect, and the long-term prognosis for patients
is poor.” Accurate risk stratification has become a priority for managing HFmrEF patients.®

Clinical predictive models help explore individualized characteristics closely associated with various outcomes for
a given disease and are increasingly utilized to support clinical decision-making. However, existing risk models for HF
primarily focus on HFpEF and HFrEF, with relatively few risk models targeting HFmrEF currently available.” "'

Biomarkers are crucial for assessing HF prognosis. ACC/AHA guidelines recommend using NT-proBNP to guide
prognosis stratification in HF (Class IA)."> Moreover, renal function has a significant value in the prognostic assessment
of HFmrEE."*'* As a sensitive indicator of renal function, the estimated glomerular filtration rate (¢GFR) has been
proven closely linked with long-term prognosis in HF.'>"'¢ However, there is insufficient evidence to support the value of
the combination of NT pro-BNP and eGFR in predicting HFmrEF outcomes. Additionally, single clinical predictor might
be influenced by etiology and population characteristics, leading to its deviation from clinical practice. Therefore, this
study aims to explore the predictive value of eGFR, NT-proBNP, and their coexisting clinical variables for all-cause
mortality in HFmrEF, and develop and validate a web-based dynamic nomogram through real-world long-term follow-up
data to generate personalized prediction of mortality in HFmrEF patients.

Materials and Methods
Study Population

We enrolled 1250 HFmrEF patients diagnosed and treated at two hospitals in Shanxi Province, China, between
March 2014 and March 2019 in this multi-center, prospective cohort study. Among them, 1188 eligible patients were
followed up, with 60 patients (5.1%) lost to follow-up, leaving 1128 patients for final analysis (Figure 1). The cohort size
of this study conformed to the rule of 10 events per variable.

The inclusion criteria were: (D adult over 18 years old; (@ diagnosed with chronic heart failure following
guidelines;'” 3) NYHA class II-IV; @ echocardiography showing EF of 41%-49%. Exclusion criteria were: () within
the past two months, there were acute cardiovascular events; () comorbid psychiatric diseases; ® specific heart diseases
including cardiac tumors, myocardial amyloidosis, complex congenital heart disease, hypertrophic cardiomyopathy, and
aortic dissection; (4) refusal to participate. The study was based on the statistical analysis of the patients’ medical records
during their hospitalization and did not involve any interventions for the patients as well as adding additional risks of
adverse effects. The researcher explained the purpose of the study to all participants and their families and signed
a written informed consent before data collection. Each participant’s data in this study has an ID, the researcher will
follow strict confidentiality, the study in question is only open to the researcher/ethics committee, and the study complies
with the ethical standards set out in the Declaration of Helsinki. Therefore, approval was obtained from the Ethics
Committee of Shanxi Medical University, approval number 2013LL128 (Date: December 28, 2013), prior to the
commencement of this study.

Follow-up and Endpoint

Dynamic follow-up of patients from two cohorts every 2 months after discharge by telephone until April 1, 2022. The
endpoint event was defined as all-cause mortality, including deaths of cardiovascular origin such as fatal myocardial
infarction, fatal stroke, death from HF, sudden cardiac death, and non-cardiovascular death.

Data Collection

We extracted data from electronic database of our Major Disease Risk Assessment Laboratory, which each time two
trained clinicians double-entered data from the medical record system SXMU&SXGY of hosipitals, including demo-
graphic characteristics, comorbidities (such as ischemic heart disease, hypertension, atrial fibrillation (AF), etc),
laboratory results, imaging examinations (electrocardiogram, echocardiographic indicators), and therapy measures
(medication use, percutaneous coronary intervention (PCI), coronary artery bypass grafting (CABG)). Urban medical
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Figure | Study design and the workflow diagram.

insurance reimbursement accounts for 80%, while rural medical insurance covers 60%. eGFR was calculated using the
Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) equation.'®

Data Processing and Predictor Selection
This study involved a total of 69 variables. To ensure data quality, we removed 19 variables with a missing rate of >30%
and used the MissForest package in R 4.3.1 to fill in the 27 variables with a missing rate of <30%. Specific missing

variables are shown in Table S1.
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The significant candidate predictors (P<0.05) of all-cause mortality identified by univariate Cox proportional hazards
analysis were further selected by The least absolute shrinkage and selection operator (LASSO) regression and Random
Survival Forest (RSF). RSF reflects the contribution of each variable to all-cause mortality by calculating the minimum
depth reached when running to the final node. Compared to traditional methods, RSF has strong resistance to interference
and can reduce the risk of overfitting when dealing with high-dimensional data.'” LASSO regression reduces the impact
of collinearity through L1 regularization, thus lowering model variance and improving accuracy and interpretability.*’
The selected predictors were then subjected to further multivariate analysis.

Development of Nomogram and Risk Stratification System

The Multivariate Cox proportional hazard model identified independent predictors of all-cause mortality, from which
a nomogram was developed to predict 1-, 3-, and 5-year all-cause mortality. We calculated the total nomogram point for
each patient and utilized X-tile software to determine the optimal critical points for risk stratification, stratifying patients into
different groups based on their risk of prognosis.”' Kaplan-Meier survival curves were plotted to compare survival differences
among groups and assess the effectiveness of risk stratification. The Log rank test was used to compare the survival curves.

Model Validation and Performance
Internal validation was performed using the Bootstrap resampling method (repeatedly sampling the original data 1000
times) and plotted calibration curves to assess the consistency of the model. To assess transportability, the final model
was validated in an external cohort.

We evaluated the discrimination and stability of the model over time by calculating the time-dependent C-index, with
a value closer to 1 indicating better predictive performance. Evaluate the predictive performance using the area under the
ROC curve (AUC). To assess the clinical value, decision curve analysis (DCA) was conducted. Calculated net
reclassification improvement (NRI) and integrated discrimination improvement (IDI) to evaluate the contribution in
the 5-year predictive performance of the nomogram with the additional inclusion of NT-proBNP and eGFR.*

Statistical Analysis

The mean+standard deviation (SD) or median (interquartile range) of continuous variables was used to describe them
while n (%) described categorical variables. Comparison of baseline characteristics: for continuous variables, indepen-
dent samples t-tests were used if they conformed to a normal distribution, while the Mann—Whitney U-test was for non-
normal distributions; for categorical variables, the chi-square test or Fisher’s exact probability method was used.

ROC were fitted and AUCs were calculated to assess the discriminative ability of different predictors for all-cause
mortality. Significant variables in the multivariate model were used as covariates, plotted restricted cubic spline (RCS) curves
to evaluate the association of eGFR and NT-proBNP with all-cause mortality with 4 knots selected. Finally, the “Dynnom”
software package was used to generate interactive dynamic nomogram based on web pages. All tests were two-tailed, and
a statistically significant result was considered when P < 0.05. We performed statistical analyses using SPSS 25.0 and R 4.3.1.

Results

Baseline Characteristics
Among the 1128 patients enrolled, 790 patients from the First Hospital of Shanxi Medical University were included in
the model development cohort, while 338 patients from Shanxi Cardiovascular Hospital were included in the external
validation cohort. The median follow-up time for the two cohorts was 5.17 (3.31-6.54) years and 5.06 (3.28-6.39) years,
respectively. During this period, 74 patients (9.4%) in the development cohort died, while 33 patients (9.8%) in the
validation cohort died. Additionally, most baseline characteristics showed no significant differences between the two
cohorts (P > 0.05), indicating their balanced distribution (Table S2).

Table 1 presents the baseline characteristics of all patients. Among them, 799 (70.8%) were male, with a median age
of 68 (59, 76) years, and 664 (58.9%) were NYHA II/IV. Compared to the survival group, the death group had older age,
poorer cardiac and renal function, higher proportions of AF, chronic obstructive pulmonary disease, stroke, valvular
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Table | Baseline Clinical Characteristics Between Groups
Variable Total (n=1128) | Survival (n=1021) | Death (n=107) | t/y*Z | P value
Age, years 68 (59, 76) 67 (59, 76) 74 (69, 80) —7.303 | <0.001
Gender
Male 799 (70.8) 734 (71.9) 65 (60.7) 5.820 0.016
Female 329 (29.2) 287 (28.1) 42 (39.3)
Occupation 12.152 | <0.001
Manual workers 382 (33.9) 362 (35.5) 20 (18.7)
Nonmanual workers 746 (66.1) 659 (64.5) 87 (81.3)
Healthcare 11.968 | 0.003
Urban medical insurance 694 (61.5) 625 (61.2) 69 (64.5)
Rural medical insurance 312 (27.7) 294 (28.8) 18 (16.8)
Self-paying 122 (10.8) 102 (10.0) 20 (18.7)
Smoking history 564 (50.0) 511 (50.0) 53 (49.5) 3.684 | 0.252
Drinking history 278 (24.6) 260 (25.5) 18 (16.8) 3.896 0.048
NYHA 67.504 | <0.001
Il 464 (41.1) 443 (43.4) 21 (19.6)
1] 420 (37.2) 390 (38.2) 30 (28.0)
v 244 (21.6) 188 (18.4) 56 (52.3)
BMl(kg/m?) 244 (22.2,26.8) | 24.3 (22.2,26.9) 23.6 (20.9, 25.6) | —3.152 | 0.002
Heart rate(bpm) 75 (66, 80) 72 (66, 81) 76 (68, 80) —0.305 | 0.760
Systolic blood pressure(mmHg) 130 (116, 140) 130 (116, 140) 130 (112, 149) —0.539 | 0.590
Diastolic blood pressure(mmHg) | 78 (70, 85) 80 (70, 85) 78 (68, 85) —0.969 | 0.333
Laboratory indicators
Lg of NT-proBNP(pg/mL) 3.1+0.5 2.9+0.5 3.620.4 9.212 0.002
Cystatin C(mg/L) 1.3+0.8 1.3+£0.8 1.6£0.9 5.547 | 0.019
eGFR[mL/(min -[.73m?)] 90.9 (694, 106.2) | 92.7 (72.9, 109.3) 67.2 (51.4,84.9) | —7.666 | <0.001
UA(umol/L) 382.9+121.0 380%119.9 408+128.9 1.278 0.278
TC(mmol/L) 43+1.8 4.3+1.9 42+1.4 0.010 0.920
TG(mmol/L) 1.6+0.9 1.6+0.9 1.5+0.6 2.702 0.101
HDLC(mmol/L) 1.0£0.3 1.0£0.3 1.0£0.3 0.582 0.446
LDLC(mmol/L) 2.7%2.3 2.7+23 2.6x1.0 0.264 0.608
RDW(%) 14.5 (13.4, 14.8) 13.9 (134, 14.7) 14.5 (13.9, 15.5) | —5.042 | <0.001
HGB(g/L) 135.5+20.21 136.2+20.2 128.8+18.7 0.046 0.830
ALT(U/L) 26.7 (14.0, 32.3) | 20.8 (14.0, 33.0) 18.0 (12.0, 25.0) | —3.007 | 0.003
AST(U/L) 36.6 (21.0, 39.4) | 27.0 (21.0, 41.0) 24.9 (20.0, 35.8) | —1.907 | 0.057
ALB(g/L) 43.0 (40.0, 46.0) | 43.0 (40.0, 46.0) 40.3 (37.2,43.2) | —5.147 | <0.001
TBIL(mmol/l) 17.1 (11.2, 19.5) 14.7 (11.2, 19.4) 16.0 (11.4,20.5) | —1.239 | 0.215
K(mmol/l) 4.1 (4.1, 44) 4.1 (3.8,43) 4.1 (3.8, 44) —0.552 | 0.581
Na(mmol/l) 139 (139, 141) 139 (138, 141) 139 (138, 142) —0.011 | 0.991
Electrocardiogram
QRS(ms) 106 (90, 112) 98 (90, 112) 98 (90, 115) —0.876 | 0.381
QTC(ms) 445 (418, 468) 440 (418, 468) 448 (422, 477) —1.451 | 0.147
Echocardiographic indices
IVS(mm) 10 (8 1) 10 (8, I1) 109, 1) —1.829 | 0.067
LVDd(mm) 55 (52, 59) 56 (52, 59) 55 (51, 59) —0.135 | 0.892
LVPW(mm) 10 (9, 10) 9 (9, 10) 9.0 (9 I) —0.838 | 0.402
Ejection fraction (%) 45 (43, 47) 45 (43, 47) 44 (42, 46) —1.615 | 0.106
Comorbidities
Hypertension 664 (58.9) 591 (57.9) 73 (68.2) 4.276 0.039
Diabetes 372 (33.0) 332 (32.5) 40 (37.4) 1.038 0.308
Stroke 278 (24.6) 225 (22.0) 53 (49.5) 39.426 | <0.001
Ischemic heart disease 901 (79.9) 818 (80.1) 83 (77.6) 0.391 0.532
(Continued)
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Table | (Continued).

Variable Total (n=1128) | Survival (n=1021) | Death (n=107) | t/y¥)Z | P value
COPD 213 (18.9) 180 (17.6) 33 (30.8) 10.156 | <0.001
AF 325 (28.8) 256 (25.1) 69 (64.5) 12.164 | <0.001
Hyperlipidemia 211 (18.7) 192 (18.8) 19 (17.8) 0.070 | 0.791
Valvular heart disease 97 (8.6) 82 (8.0) 15 (14.0) 4417 0.036
Renal insufficiency 128 (11.3) 103 (10.1) 25 (23.4) 16.969 | <0.001

Therapy
Antiplatelet drug 1033 (91.6) 943 (92.4) 90 (84.1) 8.543 0.003
Vasodilator 769 (68.2) 695 (69.2) 74 (68.1) 0.053 0.818
Beta-blocker 263 (23.3) 242 (23.7) 21 (19.6) 0.900 | 0.343
ACEI/ARB/ARNI 625 (55.4) 599 (58.7) 26 (24.3) 46.302 | <0.001
Statins 1040 (92.2) 947 (92.8) 93 (86.9) 4.586 | 0.032
Diuretic 911 (80.8) 823 (80.6) 88 (82.2) 0.167 | 0.683
Cardiotonic 137 (12.1) 120 (11.8) 17 (15.9) 1.552 | 0.213
PCI/CABG 387 (34.3) 373 (36.5) 14 (13.1) 23.628 | <0.001

Abbreviations: NYHA, New York Heart Association; BMI, body mass index; NT-proBNP, N-terminal pro-B-type natriuretic peptide; eGFR,
estimated glomerular filtration rate; UA, uric acid; TC, total cholesterol; TG, triglyceride; HDLC, high-density lipoprotein; LDLC, low-
density lipoprotein; RDW, red blood cell distribution width; HGB, hemoglobin; ALT, alanine aminotransferase; AST, aspartate aminotransfer-
ase; ALB, albumin; TBIL, serum total bilirubin; LA, left atrial diameter; IVS, interventricular septal thickness; LVDD, left ventricular end-
diastolic diameter; LVPW, left ventricle post wall; RV, right ventricular end-diastolic diameter; AF, atrial fibrillation; COPD, chronic
obstructive pulmonary disease; ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin receptor blockers; ARNI, angiotensin
receptor-neprilysin inhibitor; PCI, percutaneous coronary intervention; CABG, coronary artery bypass graft.

disease, lower rates of PCI/CABG treatment, and lower proportions of angiotensin-converting enzyme inhibitors/
angiotensin receptor blockers/angiotensin receptor-neprilysin inhibitor (ACEI/ARB/ARNI), statins, and antiplatelet
medications.

|dentifying Predictors
Univariate Cox analysis identified 20 significant candidate predictors associated with all-cause mortality (P < 0.05)
(Table S3). To reduce multicollinearity and prevent overfitting, further dimension reduction was performed using LASSO
regression and RSF, as shown in Figure S1. The LASSO model achieved optimal fit with A = 0.007, resulting in the
identification of 13 predictors: age, occupation, healthcare, NYHA, lg of NT-proBNP, Cystatin C, eGFR, ALB, IVS, AF,
stroke, ACEI/ARB/ARNI, PCI/CABG. In RSF, with Ntree = 85 and mtry = 3, the out-of-bag error rate was minimized
(Error rate = 20.08%). The top 15 valuable predictors in RSF were: 1g of NT-proBNP, eGFR, NYHA, age, ACEI/ARB/
ARNI, stroke, HGB, healthcare, AF, PCI/CABG, ALB, body mass index (BMI), occupation, antiplatelet, Cystatin C.
Finally, combining the results of both methods, 12 optimal predictors for all-cause mortality were selected for model
construction: age, occupation, healthcare, NYHA, lg of NT-proBNP, Cystatin C, eGFR, ALB, AF, stroke, ACEI/ARB/
ARNI, PCI/CABG.

Multivariate Cox Proportional Hazard Model for All-Cause Mortality and
Discriminatory Role of Predictors

The results of the multivariate Cox proportional hazard model (Table 2) and Forest plot (Figure S2) indicated that self-
paying (HR = 4.34, 95% CI: 2.29-8.22; P < 0.001), NYHA class IV (HR = 2.91, 95% CI: 1.46-5.80; P = 0.002), lg of
NT-proBNP (HR = 2.35, 95% CI: 1.40-3.93; P = 0.001), combined with stroke (HR = 1.43, 95% CI: 0.64-2.84; P =
0.002), eGFR (HR = 0.98, 95% CI: 0.97-0.99; P = 0.023), use of ACEI/ARB/ARNI medications (HR = 0.34, 95% CI:
0.20-0.56; P < 0.001), and receipt of PCI/CABG treatment (HR = 0.52, 95% CI: 0.27-0.99; P = 0.048) were independent
predictors of all-cause mortality in HFmrEF (P < 0.05).
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Table 2 Multivariate Cox Proportional Hazard Analysis for All-
Cause Mortality

Variable HR 95% CI P value
Age 1.02 1.00-1.05 0.091
Occupation

Manual workers Reference

Nonmanual workers 1.70 0.78-3.69 0.179
Healthcare

Urban medical insurance Reference

Rural medical insurance 1.76 0.75-4.10 0.191

Self-paying 4.34 2.29-8.22 <0.001
NYHA

Il Reference

i 1.53 0.78-2.98 0.215

v 291 1.46-5.80 0.002
Lg of NT-proBNP 2.35 1.40-3.93 0.001
eGFR 0.98 0.97-0.99 0.023
Cystatin C 0.64 0.39-1.41 0.076
ALB 0.99 0.95-1.03 0.612
AF 2.16 1.32-3.53 0.053
Stroke 1.43 0.64-2.84 0.002
ACEI/ARB/ARNI 0.34 0.20-0.56 <0.001
PCI/CABG 0.52 0.27-0.99 0.048

Abbreviations: NYHA, New York Heart Association; NT-proBNP, N-terminal pro-
B-type natriuretic peptide; eGFR, estimated glomerular filtration rate; ALB, albumin; AF,
atrial fibrillation; ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin
receptor blockers; ARNI, angiotensin receptor-neprilysin inhibitor; PCI, percutaneous
coronary intervention; CABG, coronary artery bypass graft.

Figure S3 displays the ROC of the aforementioned predictors for all-cause mortality in HFmrEF. Each predictor
demonstrates positive discriminative ability for all-cause mortality. Particularly, Ig of NT-proBNP and eGFR rank in the
top 2 for predicting all-cause mortality with their ROC curve areas (Figure S3).

Association of NT-proBNP and eGFR with All-Cause Mortality in HFmrEF

The association between levels of NT-proBNP, eGFR and all-cause mortality was evaluated based on a continuous scale
with RCS curves (Figure S4). The results indicate nonlinear relationships between 1g of NT-proBNP (P oniinear=0.004),
eGFR (Phontinear < 0.001), and all-cause mortality. Patients exhibit a lower risk of all-cause mortality when lg of NT-
proBNP falls within the range of 2.14 to 3.07 pg/mL (NT-proBNP: 138 to 1175 pg/mL). Conversely, when 1g of NT-
proBNP exceeds 3.07 pg/mL (NT-proBNP > 1175 pg/mL), there is a significant increase in the risk of all-cause mortality.
For eGFR, mortality risk was elevated when 45 < eGFR < 89 [mL/(min-1.73m?)], and decreased as eGFR levels rose
within the range of 89 < eGFR < 125 [mL/(min-1.73m?)].

Development of the Nomogram and Stratification System for Mortality Risk

Based on the multivariate model, the nomogram for prediction of 1-, 3-, and 5-year mortality comprises 7 predictors.
Each predictor is assigned a corresponding point, with the total point being the sum of points from the 7 variables,
corresponding to the survival rate of patients with different survival periods.

For convenient risk management and stratified guidance of patients, we conducted risk scoring using nomogram and
determined optimal risk stratification thresholds (point 1 = 219.5, point 2 = 304.2) using X-tile software (Figure S5). All
patients were categorized into low (point < 219.5), middle (219.5 < point < 304.2), and high-risk groups (point > 304.2).
Through Log rank testing, significant differences (P < 0.05) in prognostic survival rates were observed among risk groups
(Figure 2). The nomogram incorporating this risk stratification is shown in Figure 3.

Risk Management and Healthcare Policy 2024:17 hetps: 1965

Dove!


https://www.dovepress.com/get_supplementary_file.php?f=474862.docx
https://www.dovepress.com/get_supplementary_file.php?f=474862.docx
https://www.dovepress.com/get_supplementary_file.php?f=474862.docx
https://www.dovepress.com/get_supplementary_file.php?f=474862.docx
https://www.dovepress.com
https://www.dovepress.com

Guo et al

Dove

A

Strata = low risk == middle risk == high risk
1.00-
2 0.751
=
3]
Qo
=
S 0.501
T
=
&
2 0.251
- p < 0.0001
0.00+
0 10 20 30 40 50 60 70 80 90
Follow up time(Months)
Number at risk
owrisk 558 549 546 544 504 369 262 184 114 31
middlerisk 156 148 146 143 124 90 51 40 16 2
highrisk 76 60 53 50 41 27 12 7 3 2

Strata - low risk === middle risk == high risk
1.001 -
£ 0.751
=
©
Q
o
a 0.501
©
>
&
>
0.251
@ p < 0.0001
0.001

0 10 20 30 40 50 60 70 80 90
Follow up time(Months)

Number at risk

lowrisk 211 211 210 210 201 150 107 76 37 13 O
middlerisk 87 87 84 83 74 56 38 23 16 6
highrisk 40 31 256 26 15 6 5 5 4 3 0

o

Figure 2 Kaplan-Meier curves of all-cause mortality events in different risk groups. (A) development cohort, (B) validation cohort.
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Figure 3 The APSELNH nomogram for all-cause mortality risk in HFmrEF. (A) Each clinical predictor corresponds to a specific point, from which a vertical line is drawn to the
point axis above. The points of each predictor located on the point axis are then summed to obtain the total point. Based on the total point, vertical lines are drawn downwards on
the survival axis to determine the corresponding risk classification and survival probabilities for the patient. (B) To illustrate the use of the nomogram, take patient 60 as an example.
This patient is covered by rural medical insurance, NYHA class IV, with Ig of NT-proBNP: 3 pg/mL, eGFR: 50 [ml/(min -I.73m2)], combined with stroke, regular ACEI/ARB/ARNI
medications, and not treated with PCI/CABG. The total point on the nomogram is 194, indicating a low-risk classification, with corresponding |-, 3-, and 5-year survival rates of
approximately 83%, 68%, and 65%, and respective mortality rates of approximately 17%, 32%, and 35%.

Performance, and Validation of the Nomogram
The discrimination of HFmrEF outcomes was evaluated using a time-dependent analysis. The C-index of the nomogram
in the development and validation cohorts were 0.858 (95% CI: 0.817-0.899) and 0.826 (95% CI: 0.803-0.867)
respectively, consistently exceeding 0.8 over time, indicating its utility in predicting long-term mortality risk (Figure 4).
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Figure 4 Performance and validation of the nomogram. Time-dependent C-index of the development cohort (A) and validation cohort (B). The Bootstrap calibration
curves for predicting outcomes of HFmrEF in the development (C) and validation (D) cohorts are presented. The prediction curves closely align with the diagonal line,
indicating proximity between predicted probabilities and observed values. ROC curves for predicting outcomes of HFmrEF in the development (E) and validation (F) cohorts
are also shown. The area under the ROC curve (AUC) ranges from 0.8 to 0.9, indicating good predictive performance of the nomogram for |-, 3-, and 5-year all-cause
mortality. Decision curve analysis (DCA) curves for predicting outcomes of HFmrEF in the development (G) and validation (H) cohorts are displayed. The vertical dashed
line on the left represents “all interventions”, the horizontal dashed line represents “no interventions” and the curve represents the nomogram. The DCA curves indicate
that adopting the threshold probability under the nomogram strategy for HFmrEF patients significantly increases the net benefit of |-, 3-, and 5-year all-cause mortality.

Calibration curves demonstrated a good fit between predicted and observed values after 1000 rounds of Bootstrap
resampling. ROC analysis was performed on the model, and the AUCs in the development cohort were as follows:
1 year: 0.847, 3 years: 0.851, 5 years: 0.874. In the validation cohort, the AUCs were 0.834, 0.844, and 0.865,
respectively. Additionally, in both cohorts, the DCA curves showed clinical net benefits across a broad range of threshold
probabilities, indicating good clinical applicability of the model. These findings demonstrate the significant value of the
nomogram model in predicting the long-term prognosis of HFmrEF patients (Figure 4).

Further analysis of the predictive value of NT-proBNP and eGFR revealed that independently adding NT-proBNP or
eGFR to the baseline model resulted in notable improvements as indicated by IDI and NRI. Moreover, the combination
of NT-proBNP and eGFR showed the most significant improvement in the predictive performance for 5-year all-cause
mortality of the baseline model (Table 3).

Table 3 Add NT-proBNP and eGFR to Nomogram Integrated Discrimination Improvement and Net Reclassification
Improvement for 5-Year All-Cause Mortality

Model Predictors IDI (95% CI) P value NRI (95% CI) P value
Development
NYHA, Stroke, +NT-proBNP 0.109 (0.019-0.227) <0.001 0.294 (0.172-0.464) <0.001
ACEI/ARB/ARNI, +eGFR 0.045 (0.008-0.086) 0.020 0.229 (0.049-0.361) 0.028
PCI/CABG, Healthcare +NT-proBNP, eGFR 0.128 (0.017-0.218) <0.001 0.321 (0.168-0.423) <0.001
Validation
NYHA, Stroke, +NT-proBNP 0.057 (0.008-0.086) 0.008 0.096 (0.011-0.182) 0.028
ACEI/ARB/ARNI, +eGFR 0.045 (0.006—0.083) 0.048 0.675 (—1.471-1.890) 0.446
PCI/CABG, Healthcare +NT-proBNP, eGFR 0.110 (0.023-0.199) 0.015 0.196 (0.028-0.352) 0.045

Abbreviations: NYHA, New York Heart Association; NT-proBNP, N-terminal pro-B-type natriuretic peptide; eGFR, estimated glomerular filtration
rate; ACEI, angiotensin-converting enzyme inhibitors; ARB, angiotensin receptor blockers; ARNI, angiotensin receptor-neprilysin inhibitor; PCI,

percutaneous coronary intervention; CABG, coronary artery bypass graft.
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Development of the Web-Based Dynamic Nomogram

For the convenience of clinical practitioners, we developed a web-based decision support tool called APSELNH (A:
ACEI/ARB/ARNI medicines, P: PCI/CABG therapy, S: stroke, E: eGFR, L: Ig of NT-proBNP, N: NYHA, H: healthcare)
(Figure S6). By accessing the online platform (https://apselnh.shinyapps.io/APSELNH/), clinicians can input the 7

predictive variables and follow-up time to generate individualized survival predictions.

Discussion

HFmrEF is a heterogeneous syndrome with wide variation in patient survival time. However, there is currently limited
research on the prognosis of HFmrEF and a lack of effective risk stratification tools to guide clinical management. This
study developed a dynamic nomogram combining NT-proBNP, eGFR, and other clinical characteristics (NYHA,
healthcare, stroke, PCI/CABG, ACEI/ARB/ARNI) to assess the prognosis of HFmrEF patients and achieve risk
stratification. The nomogram, derived from real-world patient cohorts and externally validated, provides an accurate
individualized prediction of all-cause mortality risk. To our knowledge, this represents one of the few studies focusing on
predicting the prognostic risk of HFmrEF.

Predictors of All-Cause Mortality in HFmrEF
NT-proBNP reflects left ventricular wall stress and is not only recognized as an essential diagnostic marker for HF but
also holds significant value in assessing its prognosis. Previous assessments of NT-proBNP in predicting HF prognosis
have mainly focused on HFrEF and HFpEF. In recent years, Lam et al*> found that NT-proBNP independently predicted
mortality of HFmrEF. Reports by Richenbacher et al** also indicated significant benefits of NT-proBNP-guided treatment
in improving the prognosis of HFmrEF patients. However, most studies have analyzed NT-proBNP as a continuous
variable, lacking effective clinical prognostic thresholds for practical application in HFmrEF. In this study, after
excluding confounding factors, we found NT-proBNP levels exceeding 1175 pg/mL significantly increased the risk of all-
cause mortality in HFmrEF patients, providing a reference for early identification of patients with poor prognosis. When
NT-proBNP levels were between 138—1175 pg/mL, patients exhibited a lower risk of all-cause mortality. Similar results
were observed in another study, where participants with lower NT-proBNP levels during follow-up had significantly
better prognoses.”” This may be due to the cardioprotective effects of NT-proBNP through stimulation of urine and
sodium excretion and antihypertensive effects.?

NT-proBNP monitors cardiac function through left ventricular filling pressure and wall stress. When cardiac output
decreases in HF patients, renal blood flow also decreases, leading to deterioration of renal function. Decreased eGFR is
a sensitive indicator of renal impairment. Therefore, the combined utility of eGFR and NT-proBNP may have potential

value in identifying long-term prognosis in HF patients. Lin et al*’

found that higher eGFR was associated with reduced
long-term all-cause mortality risk in HFmrEF patients. Their study cohort was similar to ours in age (65 vs 67), gender
ratio, and main etiology (ischemic heart disease), but they did not further investigate the cutoff value of eGFR for
predicting mortality. In our study, after adjusting for NYHA, NT-proBNP, and other confounding factors, eGFR levels
below 89 [mL/(min-1.73m?)] increased the risk of all-cause mortality in patients. HF itself can lead to renal impairment,
and compared to HFpEF and HFrEF, HFmrEF patients are more likely to have comorbidities such as hypertension and
diabetes that impair renal function.”®?° Renal dysfunction exacerbates existing HF through mechanisms such as fluid and
sodium retention, electrolyte imbalance, and sympathetic nervous system activation. Our results and previous studies
support the inclusion of eGFR in prognostic models. Combining NT-proBNP and eGFR in the nomogram provides
greater clinical value than assessing them separately.

In addition to the above two predictors, NYHA is a recognized independent predictor of all-cause mortality in
HFmrEF,**3! ranking third in our model. Furthermore, patients with concomitant stroke had a 43% increased risk of
mortality (HR=1.43, 95% CI: 0.64-2.84), which complements the findings of Yang et al.** They found that in patients
with HFpEF and HFrEF, those with concurrent stroke are more likely to experience cardiovascular adverse events.
Abnormal activation of the hypothalamus-pituitary-adrenal axis and significantly elevated catecholamine levels are
observed in stroke, which may induce hypoxia and cardiomyocyte apoptosis through actions on a and B-adrenergic
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receptors in the heart, leading to cardiac dysfunction.>® Additionally, healthcare status is also a valuable prognostic factor,
as it may reflect the impact of economic status on patient treatment compliance.**

Regarding treatment, the 2023 ESC heart failure guidelines®> recommend the use of ACEI/ARB/ARNI to reduce
mortality and readmission risk in HFmrEF patients (Class IIb). This may be due to the ability of these medicines to
improve ischemic heart disease and reverse ventricular remodeling. It is worth noting that coronary artery lesions occur
more frequently in HFmrEF than in HFpEF and HFrEF, and ischemic heart disease caused by coronary artery lesions is
also more common in HFmrEF.>* Research has demonstrated that revascularization can enhance myocardial ischemia,
hinder myocardial remodeling, increase myocardial tolerance to future cardiovascular events, and is a crucial method of
alleviating symptoms and enhancing prognosis in patients.>® Our study also found that patients had a better prognosis

after receiving PCI/CABG treatment. Our nomogram incorporates the aforementioned treatment measures.

Application Value of Nomogram Model in HFmrEF

Personalized risk stratification management could allow the direction of treatment intensity and follow-up frequency,
aiming to delay the progression of HF, and reduce HF readmission and mortality rates, while minimizing unnecessary
interventions in those at low risk (rationalizing the allocation of healthcare resources). Predictive models are effective
support tools for risk stratification of HF patients. Risk models such as the Seattle HF model,*’ the Meta-Analysis Global
Group in Chronic Heart Failure (MAGGIC) risk model,*® and the AHA Get With The Guidelines-Heart Failure (GWTH-
HF) model*® primarily focus on the entire HF population or predominantly on HFpEF and HFrEF subgroups, with AUC

1*° based on 9 common clinical variables can be

or C-index below 0.8. Although a simple model developed by Wang et a
used for the assessment of HFmrEF prognosis, however, the model was not predominantly derived from patients with
HFmrEF and was only internally validated. Therefore, existing risk models lack specificity for the HFmrEF and have not
demonstrated good predictive performance.

This study developed and evaluated the long-term prognostic performance of the nomogram model based on long-
term longitudinal follow-up data (median follow-up time of 5.17 years, maximum 7.83 years). The model demonstrated
excellent performance in discrimination, accuracy, and clinical applicability after internal validation [C-index: 0.858,
AUC: 0.847 (1 year)-0.851 (3 years)-0.874 (5 years)]. It is worth noting that to further validate the model’s general-
izability, we tested the final model in an external cohort and observed satisfactory results [C-index: 0.826, AUC: 0.834
(1 year)-0.844 (3 years)-0.865 (5 years)].

During the process of feature variable selection, due to the multidimensionality and complexity of clinical data, issues
such as collinearity and overfitting often arise.*’ With the development of computer science, researchers have increas-
ingly used methods such as LASSO regression, random forests (RF), naive Bayes, support vector machines, etc., to
construct survival models.*? Angraal et al* reported that the RF model performed best in predicting a 3-year mortality
rate in HFpEF patients, with an AUC of 0.72 (95% CI: 0.69~0.75) and a Brier score of 0.17. Zhao et al** reported that the
LASSO-Cox model was the best predictive model for a 1-year mortality rate in HFmrEF patients, with a C-index of 0.77
(95% CI: 0.64-0.89). Our model incorporates a large number of candidate variables, and the combination of LASSO
regression and RSF effectively overcomes collinearity and overfitting issues encountered by traditional methods in
handling high-dimensional indices. In addition, poor interpretability is a major obstacle to the clinical application of
models built on machine learning techniques, known as “black boxes.” Therefore, this study introduces a nomogram to
achieve the visualization of the model.

This study has several limitations. Firstly, the inclusion of HF patients from China limits the generalizability of the
conclusions, and further validation through expanding the scope of the study is needed. Secondly, the study focused on
patients already hospitalized, excluding those who may be at risk of hospitalization or death due to HF. From
a preventative perspective, this population also deserves attention, and we will further explore these aspects in future
studies. Thirdly, some predictive parameters related to mortality were not included, such as troponin I/T, arterial blood
gas analysis, CHA,DS,-VASc score,* etc. All of these parameters are important prognostic indicators in patients with
heart failure but were tested only in selected patients, with a >50% missing rate for each indicator.
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Conclusion

This study identified 7 optimal predictors of all-cause mortality in HFmrEF patients: NT-proBNP, eGFR, NYHA
classification, stroke, healthcare, ACEI/ARB/ARNI medications, and PCI/CABG treatment. Based on these predictors,
we developed and validated a web-based APSELNH nomogram online calculator using long-term follow-up data. It is
worth mentioning that the combined use of NT-proBNP and eGFR significantly enhances the nomogram’s predictive
ability for long-term prognosis. Calculating their cutoff values helps in early identification of high-risk patients. In
summary, the web-based APSELNH online risk calculator provides a convenient and rapid tool to assist clinicians in the
risk stratification of patients, thereby guiding risk management strategy.
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