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ABSTRACT 

OBJECTIVE: To compare the prognostic value of six nutritional indices—BMI, HALP, 
TCBI, GNRI, CONUT, and PNI—for all-cause mortality in elderly patients with heart failure 
with preserved ejection fraction (HFpEF) and to identify an optimal BMI threshold and 
evaluate the modifying effect of BMI on blood urea nitrogen (BUN) as a predictor.   

METHODS: This retrospective cohort study included hospitalized patients aged ≥65 years 
with HFpEF. Lasso-penalized Cox regression and XGBoost survival models with SHAP 
interpretability were used to assess each nutritional index’s independent association with all-
cause mortality, adjusted for demographics, comorbidities, medications, and laboratory 
parameters. Maximal log-rank statistics identified the optimal BMI cut-point for risk 
stratification. Decision curve analysis and Fine-Gray competing risk models were applied for 
clinical utility and cardiovascular mortality.   

RESULTS: Among 228 elderly HFpEF patients (45.2% died during follow-up), BMI was the 
only nutritional index independently associated with all-cause mortality in Lasso-Cox 
regression (HR 0.93 per kg/m², 95% CI 0.88–0.98, P=0.009). The optimal BMI threshold was 
24.46 kg/m², yielding a 59.6% relative risk reduction in the high-BMI group (HR 0.40, 95% 
CI 0.27–0.61, P<0.001). XGBoost identified BUN as the top predictor (mean SHAP 0.21) 
overall, but its importance differed markedly by BMI stratum: SHAP 0.18 in low-BMI vs. 
0.05 in high-BMI patients. The BMI-based XGBoost model demonstrated modest validation 
performance (AUC 0.65) and achieved significant risk stratification only in the low-BMI 
subgroup (validation log-rank P=0.056), whereas stratification was not reproducible in the 
high-BMI subgroup. Decision curve analysis in the low-BMI subgroup showed that a BUN-
only model achieved comparable net benefit to a full model combining BUN, age, neutrophil 
percentage, BNP and creatinine (standardized net benefit 0.79–0.87 vs. 0.81–0.89), indicating 



that BUN alone may provide adequate clinical utility for risk stratification in this high-risk 
population. 

CONCLUSION: In elderly HFpEF, the simple anthropometric measure BMI outperforms 
complex blood-derived nutritional indices for mortality prediction, with a threshold of 
approximately 24.5 kg/m² providing effective risk stratification; BUN’s prognostic value is 
substantially stronger in patients with lower BMI, supporting BMI-stratified personalized 
prognostic models.   

 

KEYWORDS: heart failure with preserved ejection fraction, nutritional assessment, body 
mass index, geriatric nutritional risk index, blood urea nitrogen, risk stratification   

 

HIGHLIGHTS 

• In elderly HFpEF, BMI independently predicts all-cause mortality while HALP, 
TCBI, GNRI, CONUT, and PNI do not; 

• Optimal BMI cut-point of 24.46 kg/m² yields 60% relative risk reduction for all-cause 
death; 

• Blood urea nitrogen prognostic value is 3.6-fold higher in low-BMI (≤24.46) vs. high-
BMI patients; 

• BMI-based XGBoost model effectively stratifies risk only in the low-BMI subgroup; 
• Lasso-Cox and machine learning converge to identify BMI as the dominant 

nutritional index. 

 

INTRODUCTION 

HFpEF accounts for approximately half of all heart failure cases and is associated with 
substantial morbidity and mortality, particularly among the elderly [1]. The rising prevalence 
of HFpEF in aging populations, combined with a paucity of evidence-based therapies that 
consistently reduce mortality, underscores an urgent need for robust risk stratification tools to 
guide clinical decision-making. Although multiple pathophysiological pathways contribute to 
adverse outcomes in HFpEF, nutritional status has emerged as a critical modifiable 
determinant of prognosis, given its close interplay with inflammation, cachexia, and 
cardiorenal syndrome [2]. However, the optimal method for assessing nutritional risk in 
elderly HFpEF patients remains incompletely defined. 

A large body of evidence has confirmed the so-called “obesity paradox” in heart failure, 
whereby higher body mass index (BMI) is paradoxically associated with better survival 
compared with normal or low BMI [2][3]. This pattern is also observed in HFpEF 
specifically, with meta-analyses suggesting a U-shaped relationship between BMI and all-
cause mortality, with the lowest risk at moderately elevated BMI levels [1]. Nevertheless, the 
use of BMI alone as a nutritional index has been criticized for its inability to capture the 



complexity of malnutrition, which includes deficits in protein stores, immune function, and 
micronutrient status. Consequently, several composite nutritional indices have been 
developed and validated in heart failure populations, including the Geriatric Nutritional Risk 
Index (GNRI) [4][5], Controlling Nutritional Status (CONUT) [6][7], Prognostic Nutritional 
Index (PNI) [7], and other markers such as the Triglyceride–Total Cholesterol–Body Weight 
Index (TCBI) and Hemoglobin–Albumin–Lymphocyte–Platelet Score (HALP). Systematic 
reviews have demonstrated that malnutrition defined by these multidimensional tools is 
associated with a 2- to 10-fold increase in mortality risk in chronic heart failure [2][8]. 
However, most existing studies have evaluated each index in isolation, and the relative 
predictive performance among these indices—especially in the specific context of elderly 
HFpEF—remains poorly characterized. Furthermore, prior meta-analyses emphasized that the 
prognostic significance of nutrition-associated markers in HFpEF is still unclear, highlighting 
the need for head-to-head comparisons within the same cohort [1]. 

Beyond specific nutritional indices, renal function parameters such as BUN have been 
identified as independent predictors of long-term mortality across diverse cardiovascular 
populations, including patients with acute myocardial infarction, atrial fibrillation, and 
critical illness. BUN elevation reflects not only glomerular filtration but also neurohormonal 
activation, protein catabolism, and volume status—all of which are particularly relevant in 
heart failure. Nonetheless, the interaction between BUN and nutritional status in elderly 
HFpEF patients has not been systematically examined, and whether the prognostic value of 
BUN differs across strata of body mass index is unknown. 

Against this background, we conducted a comprehensive comparative analysis of six widely 
used nutritional indices—BMI, HALP, TCBI, GNRI, CONUT, and PNI—in a cohort of 
hospitalized elderly patients (≥65 years) with HFpEF. Using penalized Cox regression 
(LASSO) and machine learning survival models (XGBoost) with SHAP interpretability, we 
aimed to determine which index independently predicts all-cause mortality and to evaluate 
their incremental predictive value beyond traditional clinical covariates. Moreover, we sought 
to identify an optimal BMI threshold for risk stratification and to explore whether the 
prognostic utility of BUN varies according to BMI category. The findings of this study are 
intended to provide evidence-based guidance for selecting the most clinically useful 
nutritional assessment tool in this vulnerable population, and to uncover potential effect 
modifications that may inform personalized prognostic models. 

 

METHODS 

Study Population and Data Collection 

This retrospective cohort study included elderly patients (≥65 years) with HFpEF admitted to 
the Air Force Medical Centre from January 2016 to December 2021. Patients with incomplete 
baseline data or loss to follow-up were excluded. Demographic information, clinical 
characteristics, laboratory parameters, medication history, and survival status were extracted 
from electronic medical records. All-cause mortality was the primary outcome, and 



cardiovascular mortality was the secondary outcome. This retrospective study was approved 
by the Institutional Review Board of the Air Force Medical Centre (approval number:2024-
71-PJ01) .Informed consent was waived by the IRB due to the retrospective nature of the 
study and the use of de-identified data. 

Statistical Analysis 

Baseline characteristics were compared between survivors and non‑survivors using Student’s 
t‑test or Mann‑Whitney U test for continuous variables and chi‑square test or Fisher’s exact 
test for categorical variables. Missing data were handled via complete‑case analysis for the 
primary models; sensitivity analyses were performed using multiple imputation. 

LASSO‑Cox Regression for Variable Selection 

To identify independent prognostic factors for all‑cause mortality, least absolute shrinkage 
and selection operator (LASSO)‑penalized Cox proportional hazards regression was applied. 
For each nutritional index (BMI, HALP, TCBI, GNRI, CONUT, and PNI), a separate 
LASSO‑Cox model was fitted with the same set of covariates (age, sex, comorbidities, 
medications, and routine laboratory tests). The optimal penalty parameter λ was selected via 
10‑fold cross‑validation using the minimum criterion (λ.min) and the one‑standard‑error rule 
(λ.1se). Variables with non‑zero coefficients at λ.min were retained in the final model. 
Adjusted hazard ratios (HRs) with 95% confidence intervals (CIs) were calculated. 

XGBoost‑Cox Survival Models and SHAP Interpretation 

To evaluate predictive performance, eXtreme Gradient Boosting (XGBoost)‑Cox models 
were constructed using the same covariate set. The dataset was split into a training set (70%) 
and a validation set (30%). Model discrimination was assessed using time‑dependent area 
under the receiver operating characteristic curve (AUC), and calibration was evaluated by 
comparing predicted risks with observed event rates. Variable importance was quantified 
using SHapley Additive exPlanations (SHAP) values. The mean absolute SHAP value of each 
predictor was reported to rank feature contributions. 

Optimal Cut‑point Determination 

The maximally selected log‑rank statistic implemented in the `maxstat` package of R was 
used to identify the optimal BMI cut‑point for all‑cause mortality risk stratification. The 
analysis scanned all candidate BMI values within the observed range, and the cut‑point 
maximizing the standardized log‑rank statistic was selected. Statistical significance was 
adjusted for multiple testing using the Lau94 method. Kaplan‑Meier survival curves and 
univariable Cox regression were used to compare survival between the low‑BMI and 
high‑BMI groups. 

Competing Risk Analysis 

For cardiovascular mortality, cause‑specific Cox proportional hazards regression with 
LASSO penalty was performed, and the Fine‑Gray subdistribution hazard model was applied 
to account for the competing risk of non‑cardiovascular death. Model selection was based on 



10‑fold cross‑validated partial likelihood deviance. Interaction terms between BMI and other 
clinical variables (age, statin use, BNP) were explored using LASSO‑penalized models. 

Decision Curve Analysis 

The clinical utility of the prognostic models was evaluated using decision curve analysis 
(DCA). Net benefit was calculated across a range of threshold probabilities for all‑cause 
mortality. The analysis compared the full model (including BUN, age, neutrophil percentage, 
BNP, and creatinine) with the BUN‑only model and the default strategies of “treat all” and 
“treat none”. 

Subgroup and Sensitivity Analyses 

Subgroup analyses were performed by stratifying patients according to the optimal BMI 
cut‑point. XGBoost‑Cox models were rebuilt within each subgroup, and SHAP features were 
compared. Calibration, time‑dependent AUC, and Kaplan‑Meier curves were plotted for the 
training and validation sets. All analyses were conducted using R software with the `glmnet`, 
`xgboost`, `shapviz`, `maxstat`, `riskRegression`, and `dcurves` packages. A two‑sided p < 
0.05 was considered statistically significant. 

 

RESULTS 

Baseline characteristics 

A total of 228 elderly patients (≥65 years) with HFpEF were included, with a median follow-

up of approximately 2–3 years. Of these, 125 patients (54.8%) survived and 103 (45.2%) died 

from all causes. Baseline demographic, clinical, laboratory, and medication data stratified by 

survival status are summarized in Table 1. 

Compared with survivors, non-survivors were significantly older (85.60 ± 7.50 vs. 
80.26 ± 8.06 years, p < 0.001), had lower body weight (62.88 ± 12.17 vs. 68.10 ± 11.78 kg, 
p = 0.001) and lower BMI (22.80 ± 3.84 vs. 24.88 ± 3.46 kg/m², p < 0.001). Vital signs at 
admission did not differ between groups (all p > 0.05). Regarding cardiac function, 
non-survivors exhibited a slightly lower ejection fraction (55.65 ± 2.84 vs. 56.94 ± 4.34%, 
p = 0.007) and higher BNP levels (607.20 ± 765.80 vs. 367.91 ± 585.02 pg/ml, p = 0.010). 

Among comorbidities, chronic kidney disease was more prevalent in non-survivors (38.83% 

vs. 20.80%, p = 0.004), whereas the frequencies of hypertension, atrial fibrillation, diabetes, 
COPD, stroke, hyperuricemia, and hyperlipidemia were comparable between groups (all 

p > 0.05). Regarding medications, statin use was markedly lower in non-survivors (45.63% 

vs. 75.20%, p < 0.001), as were antiplatelet agent (45.63% vs. 62.40%, p = 0.016) and 
anticoagulant use (7.77% vs. 18.40%, p = 0.033). No significant differences were observed 
for ACEI, ARB, beta-blockers, CCB, digoxin, or MRAs (all p > 0.05). 

Several laboratory parameters differed significantly between groups. Non-survivors had 

higher neutrophil percentage (70.29 ± 14.32 vs. 65.52 ± 12.33%, p = 0.008), serum potassium 
(4.25 ± 0.63 vs. 4.04 ± 0.47 mmol/L, p = 0.005), creatinine (183.18 ± 179.33 vs. 
129.30 ± 157.20 µmol/L, p = 0.018), and BUN (11.69 ± 8.14 vs. 8.62 ± 5.05 mmol/L, 
p = 0.001), together with a lower eGFR (63.11 ± 42.15 vs. 86.63 ± 53.12 ml/min/1.73 m², 



p < 0.001). Hemoglobin levels were significantly lower in non-survivors (109.83 ± 22.79 vs. 
119.48 ± 20.26 g/L, p < 0.001). Total cholesterol was higher in the non-survivor group 

(4.08 ± 1.04 vs. 3.80 ± 0.98 mmol/L, p = 0.039), whereas LDL-cholesterol and 

HDL-cholesterol did not differ (both p > 0.05). Albumin levels showed a trend toward being 

lower in non-survivors, but the difference was not statistically significant (38.87 ± 4.44 vs. 
39.88 ± 4.15 g/L, p = 0.081). 

Regarding nutritional and immune-nutritional scores, non-survivors had significantly lower 

GNRI (97.15 ± 8.03 vs. 100.22 ± 6.77, p = 0.002) and higher CONUT scores (4.88 ± 1.33 vs. 
4.37 ± 1.58, p = 0.009). The lymphocyte count score was also higher in non-survivors 

(1.58 ± 1.03 vs. 1.17 ± 1.09, p = 0.004). Other indices including HALP, TCBI, PNI, and 

albumin score did not differ significantly (all p > 0.05). 

Comparative predictive performance of nutritional indices on all‑cause mortality 

Separate LASSO‑regularised Cox regression models (α=1) were fitted for each nutritional 
index (BMI, HALP, TCBI, GNRI, CONUT and PNI) together with the same set of covariates 
including age, sex, comorbidities, medications, and routine laboratory tests. BMI was the 
only index that showed a statistically significant independent protective effect against 
all‑cause mortality (HR=0.93, 95% CI 0.88–0.98, P=0.009). In contrast, HALP (coefficient 
shrunk to zero, HR=1.00, P=1.00), TCBI (coefficient shrunk to zero, HR=1.00, P=1.00), 
GNRI (HR=0.98, 95% CI 0.95–1.02, P=0.31), CONUT (coefficient shrunk to zero, HR=1.00, 
P=1.00) and PNI (HR=1.00, 95% CI 0.97–1.03, P=1.00) were not significantly associated 
with all‑cause mortality. Age remained the strongest risk factor across all six models, with 
HRs ranging from 1.05 to 1.07 per year increase (all P<0.001). Statin use consistently 
showed a protective effect (HR range 0.61–0.70); it reached statistical significance in the PNI 
(HR=0.62, 95% CI 0.42–0.91, P=0.016) and TCBI (HR=0.61, 95% CI 0.41–0.89, P=0.010) 
models, and showed borderline significance in the BMI (HR=0.65, 95% CI 0.44–0.96, 
P=0.029), HALP (HR=0.69, 95% CI 0.46–1.03, P=0.068) and CONUT (HR=0.70, 95% CI 
0.49–1.02, P=0.060) models (Table 2). 

Model fitting and variable selection on all‑cause mortality 

The λ.min values (optimal penalty) ranged from 0.0238 (PNI) to 0.0726 (CONUT), and the 
number of selected non‑zero coefficients varied from five (TCBI) to ten (HALP). The 
one‑standard‑error rule (λ.1se) selected more parsimonious models, retaining only one to five 
predictors. The cross‑validated partial likelihood deviance at λ.min was similar across models 
(range 10.83–11.08), indicating comparable overall fit. For BMI specifically, λ.min was 
0.0286, at which six covariates were retained. For HALP, λ.min was 0.0606 with 10 retained 
predictors; for TCBI, λ.min was 0.0261 with 5 retained predictors; For GNRI, λ.min was 
0.0238 with six predictors retained; for PNI, λ.min was 0.0345 with five predictors retained. 

LASSO‑Cox findings for BMI on all‑cause mortality 

Further examination of the BMI model was performed. Figure 1 shows that λ.min was 
0.0286, at which the partial likelihood deviance was 10.86 (SE 0.29) and six covariates 
retained non‑zero coefficients. Figure 2 illustrates the shrinkage of coefficients as the penalty 
increased; BMI and statin maintained negative coefficients throughout, while age maintained 



a positive coefficient. Figure 3 displays the adjusted HRs for all six selected variables. After 
multivariable adjustment, each 1 kg/m² increase in BMI was associated with a 7% lower risk 
of all‑cause death (HR=0.93, 95% CI 0.88–0.98, P=0.009); statin use reduced risk by 35% 
(HR=0.65, 95% CI 0.44–0.96, P=0.029); and each 1‑year increase in age raised risk by 6% 
(HR=1.06, 95% CI 1.04–1.09, P<0.001). Blood urea nitrogen (HR=1.02, 95% CI 0.99–1.05, 
P=0.24), neutrophil percentage (HR=1.01, 95% CI 0.99–1.03, P=0.26) and BNP (HR=1.00, 
95% CI 0.9999–1.0006, P=0.19) were not significant. Interaction analysis did not identify 
any significant effect modification by BMI (all interaction P>0.05). Taken together, these 
findings indicate that in elderly HFpEF patients, the simple anthropometric measure BMI 
outperforms complex blood‑derived nutritional indices in predicting all‑cause mortality. 

Predictive performance of nutritional indices in XGBoost‑based models on all‑cause 
mortality 

We evaluated the prognostic ability of six nutritional indices—BMI, HALP, TCBI, GNRI, 
CONUT and PNI—using XGBoost survival models built on the same set of clinical 
covariates (age, sex, comorbidities, medications, and routine laboratory tests). Model 
performance was assessed by time‑dependent AUC and the SHAP value of each index. 
Among the six indices, BMI achieved the highest validation AUC (mean = 0.65, range 0.62–
0.72) together with a moderate SHAP contribution (0.08), whereas GNRI and CONUT 
showed comparable validation AUCs (0.70 and 0.69, respectively) but with lower SHAP 
values for GNRI (0.04) and CONUT (0.03). TCBI, HALP and PNI exhibited lower validation 
AUCs (0.68, 0.68 and 0.66, respectively) and negligible SHAP contributions (0.02, 0.03 and 
0.02, respectively). The consistently higher training AUCs (0.95) across all models indicate 
strong internal discrimination, while the moderate validation AUCs highlight the need for 
further calibration. 

Model discrimination and calibration across nutritional indices on all‑cause mortality 

The time‑dependent AUC analysis revealed that the BMI model attained a mean training 
AUC of 0.95 and a mean validation AUC of 0.65; the HALP model achieved 0.95 and 0.68; 
the TCBI model 0.95 and 0.68; the GNRI model 0.95 and 0.70; the CONUT model 0.95 and 
0.69; and the PNI model 0.95 and 0.66. Calibration curves generally showed progressive 
alignment between predicted risk and observed event rates, with perfect calibration in the 
highest risk bins (mean predicted risk >2.0 achieving 100% event rate) but under‑prediction 
in the lowest risk bins (observed event rate 0% despite predicted risks around 0.30). These 
patterns were consistent across all six nutritional indices, suggesting that the XGBoost 
framework captures extreme risk well but tends to overestimate risk at the low end. 

Feature importance and SHAP analysis for BMI on all‑cause mortality 

Because BMI was the only nutritional index with significant independent prognostic value in 
our previous LASSO‑Cox analysis, we further examined its XGBoost model in detail. 
Figure 4 displays the SHAP summary plot, which ranks predictors by their mean absolute 
SHAP values. BUN was the most influential predictor (mean SHAP = 0.21), followed by age 
(0.15) and BNP (0.12). BMI itself contributed a mean SHAP of 0.08, placing it among the 



top‑five predictors together with statin use (0.07) and neutrophil percentage (0.06). 
Cardiovascular hemodynamic parameters (diastolic blood pressure = 0.04, eGFR = 0.03, 
ejection fraction = 0.03) showed moderate contributions, whereas most comorbidities and 
medications (e.g., hypertension, diabetes, ACEI, ARB) had negligible SHAP values (≤0.01). 
This hierarchy underscores the central roles of renal function, age, neurohormonal activation, 
and nutritional status in driving the model’s predictions. 

Time‑dependent AUC and risk stratification for BMI on all‑cause mortality 

The discriminative ability of the BMI‑based XGBoost model over time is shown in Figure 5. 
The training AUC remained consistently high, ranging from 0.95 at 579 days to 0.96 at 1094 
days, whereas the validation AUC increased modestly from 0.62 at 579 days to 0.72 at 1094 
days, with a mean validation AUC of 0.65. This pattern indicates that the model generalises 
reasonably well to unseen data, with performance improving over longer follow‑up. Figure 6 
presents Kaplan‑Meier survival curves for patients dichotomised into high‑ and low‑risk 
groups based on the XGBoost‑derived risk score. In the training cohort (n=159, 85 events), 
the median risk score was 1.10, and the log‑rank test yielded a highly significant separation 
(χ²≈60, p < 0.001). In the validation cohort (n=69, 18 events), the median risk score was 1.12, 
but the log‑rank chi‑square statistic was only 0.1523 (df = 1), corresponding to a 
non‑significant p‑value of approximately 0.70, indicating that the survival difference between 
the two risk groups was not statistically reproducible in the validation set. This discrepancy 
highlights potential overfitting of the XGBoost model and suggests that the risk stratification 
derived from the training data may not generalise reliably to external cohorts. These results 
demonstrate that while the XGBoost model incorporating BMI achieves strong internal 
discrimination, its external validity remains limited. BMI itself contributes moderately to the 
predictive signature (mean SHAP = 0.08), but the lack of significant risk stratification in the 
validation cohort cautions against direct clinical application without further calibration. 

Cardiovascular mortality  

We applied Lasso-penalized Cox proportional hazards regression with competing risk 
framework to identify prognostic factors for cardiovascular mortality. Ten-fold cross-
validation was performed on the complete cases (n=227) with 6 covariates including the 
primary variable of interest. The optimal regularization parameter was determined as λmin = 
0.0127, which corresponded to the minimum partial likelihood deviance of 11.03 (SE = 0.23). 
At this optimal lambda, the model retained 3 non-zero coefficients, including BMI, statin use, 
and BNP levels, while the remaining covariates (age, neutrophil percentage, and BUN) were 
shrunk to zero, indicating their limited contribution to the predictive model under the elastic-
net regularization framework (shown as Figure 7). 

In the multivariate Lasso-penalized Cox model, body mass index demonstrated a non-
significant protective trend toward cardiovascular mortality with a hazard ratio (HR) of 0.95 
(95% CI: 0.85-1.08), although this association did not reach statistical significance (p = 0.45). 
The estimated coefficient was β = -0.05 (SE = 0.06), suggesting a potential inverse 
relationship between higher BMI and cardiovascular death in this elderly HFpEF cohort. 



Among the other selected variables, statin use showed a protective effect with HR = 0.65 
(95% CI: 0.27-1.59), though not statistically significant (p = 0.35). BNP levels demonstrated 
a marginal positive association with mortality (HR = 1.0004, 95% CI: 0.9998-1.0009, p = 
0.23). Age, neutrophil percentage, and BUN were not selected in the final model, with 
coefficients shrunk to zero. The forest plot (Figure 8) visualizes the hazard ratios and 95% 
confidence intervals for all selected predictors, clearly demonstrating that none of the 
variables achieved statistical significance at the conventional α = 0.05 level in this 
multivariate analysis. 

To account for the competing risk of non-cardiovascular death, we performed Fine-Gray 
subdistribution hazard modeling in addition to the cause-specific Cox regression. The Fine-
Gray model yielded consistent results with the Lasso Cox approach: BMI showed an HR of 
0.95 (95% CI: 0.82-1.09), with a non-significant p-value of 0.47. The coefficient estimate 
was β = -0.05, very similar to the cause-specific Cox model (β = -0.05), indicating robust 
results across different analytical frameworks. The concordance between the two modeling 
approaches strengthens the validity of our findings, suggesting that BMI does not have a 
statistically significant independent association with cardiovascular mortality in this 
population, despite the observed protective trend. 

We further explored potential interaction effects between BMI and other clinical variables 
(age, statin use, and BNP levels). The Lasso-penalized model with interaction terms 
identified an optimal λ of 0.0273, retaining one main effect (BMI) and one interaction term 
(BMI × Statin). However, the interaction term between BMI and statin use demonstrated a 
non-significant association (HR = 0.99, 95% CI: 0.96-1.01, p = 0.36), indicating no 
significant effect modification by statin therapy on the BMI-mortality relationship. 

Optimal BMI cut‑point for risk stratification 

To identify a clinically applicable threshold for risk stratification, we performed maximally 
selected log‑rank statistics (maxstat) analysis on the complete case cohort of 228 elderly 
HFpEF patients (103 all‑cause deaths, event rate 45.2 %). The analysis scanned all candidate 
BMI cut‑points within the observed range (12.49–33.58 kg/m², mean 23.94 ± 3.77 kg/m²). 
The optimal cut‑point was determined at 24.46 kg/m², yielding a maximally standardized 
log‑rank statistic of 4.39 (corrected P = 0.00053), which exceeded the significance boundary 
(α = 0.05) after adjustment for multiple testing using the Lau94 method (Figure 9). At this 
cut‑point, 121 patients (53.1 %) were classified into the low‑BMI group (BMI ≤ 24.46 kg/m²) 
and 107 patients (46.9 %) into the high‑BMI group (BMI > 24.46 kg/m²). The low‑BMI group 
had a mean BMI of 21.14 ± 2.50 kg/m², experienced 70 events (57.9 % event rate) with a 
median follow‑up of 1077 days (Q1 = 562, Q3 = 1667), whereas the high‑BMI group had a 
mean BMI of 27.11 ± 2.08 kg/m², experienced 33 events (30.8 % event rate) with a longer 
median follow‑up of 1477 days (Q1 = 796, Q3 = 2071). The Kaplan‑Meier survival curves 
showed a markedly superior survival probability for the high‑BMI group (log‑rank χ² = 19.41, 
P < 0.001). In the univariable Cox proportional hazards model with the low‑BMI group as 
reference, the hazard ratio for all‑cause death in the high‑BMI group was 0.40 (95 % CI 0.27–
0.61, P < 0.001), corresponding to a 59.6 % relative risk reduction. These findings indicate 



that a BMI threshold of approximately 24.5 kg/m² effectively discriminates elderly HFpEF 
patients into low‑ and high‑risk prognostic categories, supporting the obesity paradox in this 
population. 

Subgroup Analysis Results by BMI Stratification 

We conducted stratified analyses in elderly patients with HFpEF aged ≥65 years, dividing the 
cohort into two subgroups based on the optimal BMI cutpoint of 24.46 kg/m² identified by 
maximal log-rank statistic analysis: the low BMI group (BMI ≤ 24.46 kg/m², n=121) 
representing the high-risk subgroup, and the high BMI group (BMI > 24.46 kg/m², n=107) 
representing the low-risk subgroup. The XGBoost-based Cox proportional hazards model 
was trained on 70% of each subgroup and validated on the remaining 30%. 

In the low BMI (high-risk) subgroup, the model achieved a training concordance index (C-
index) of 0.94 and a validation C-index of 0.68, with 56 events in the training set and 13 
events in the validation set during a median follow-up period. In the high BMI (low-risk) 
subgroup, the training C-index was 0.91, while the validation C-index was notably lower at 
0.44, with 29 events in the training set and 5 events in the validation set. The substantially 
reduced validation performance in the high BMI group suggests potential model overfitting 
or heterogeneity in this subgroup, warranting cautious interpretation of the predictive 
variables. 

Feature Importance and Key Predictor of BMI Stratification 

SHAP (SHapley Additive exPlanations) analysis revealed distinct feature importance 
hierarchies between the two BMI subgroups. In the low BMI (high-risk) group, BUN 
emerged as the third most important predictor with a mean absolute SHAP value of 0.18, 
following only Age (0.45) and Neutrophil percentage (0.24). This finding suggests that renal 
function, as reflected by BUN, plays a crucial prognostic role in elderly HFpEF patients with 
lower BMI, who may represent a more frail population with compromised physiological 
reserve (Figure 10). 

In stark contrast, within the high BMI (low-risk) subgroup, BUN ranked only 10th among 
predictors with a substantially attenuated SHAP value of 0.05. The top predictors in this 
group were Age (0.10), Creatinine (0.08), White blood cell count (0.08), BNP (0.07), and 
Ejection fraction (0.07). The diminished importance of BUN in the high BMI group indicates 
that the pathophysiological mechanisms linking renal function to mortality may differ 
according to body composition status, or that other factors become relatively more dominant 
in determining prognosis in overweight/obese patients. 

Risk Stratification and Survival Curve Analysis 

The XGBoost model successfully stratified patients into high-risk and low-risk groups in both 
subgroups based on the median risk score. In the low BMI group, the risk stratification 
yielded highly significant survival curve separation with an extremely significant log-rank 



test (p = 1.30 × 10⁻²¹) in the training set and maintained significance in the validation set (p = 
5.59 × 10⁻²). The high-risk group exhibited markedly higher cumulative mortality compared 
to the low-risk group, with the survival curves diverging early and remaining separated 
throughout the follow-up period. 

In the high BMI group, while the training set demonstrated excellent discrimination (log-rank 
p = 1.90 × 10⁻¹³), the validation set showed no significant difference between risk groups (p = 
0.68), indicating limited generalizability of the risk stratification model in this subgroup. This 
finding is consistent with the lower validation C-index observed and suggests that the 
complex interactions between clinical variables may not be adequately captured in the 
smaller high BMI validation cohort (n=33, with only 5 events). 

Model Calibration and Time-Dependent AUC Analysis of BMI Stratification 

Calibration analysis demonstrated excellent agreement between predicted risks and observed 
event rates in the high-risk strata for both groups. In the low BMI subgroup, the model 
showed perfect calibration in the highest risk bins, with observed event rates of 100% 
corresponding to predicted risks exceeding 1.0. The calibration curve in the high BMI group 
similarly showed strong concordance at the upper end of the risk spectrum, with event rates 
of 93.3% and 100% in the two highest risk bins. 

Time-dependent AUC analysis revealed declining discriminative performance over follow-up 
time in both subgroups. In the low BMI group, the validation AUC decreased from 0.74 at 
566 days to 0.62 at 1082 days, suggesting some temporal instability in predictive accuracy. 
The high BMI group exhibited more pronounced temporal degradation, with validation AUC 
values of 0.40, 0.45, and 0.41 at 601, 902, and 1146 days respectively, substantially below 
acceptable discrimination thresholds and reinforcing concerns about model generalizability in 
this subgroup. 

Clinical Implications and Differential Role of BUN 

The divergent importance of BUN between the two BMI-stratified subgroups represents a 
key finding with important clinical implications shown as Table 3. In elderly HFpEF patients 
with lower BMI (< 24.46 kg/m²), BUN serves as a powerful independent predictor of all-
cause mortality, potentially reflecting the impact of cardiorenal syndrome and diminished 
nutritional reserve on outcomes. The strong association between BUN and mortality in this 
subgroup suggests that closer monitoring of renal function and aggressive management of 
factors contributing to prerenal azotemia may improve survival in this vulnerable population. 

Conversely, in the high BMI group (≥ 24.46 kg/m²), BUN's predictive power was 
substantially attenuated, suggesting that the obesity paradox may operate through different 
pathophysiological pathways in HFpEF, or that the prognostic significance of renal 
dysfunction is confounded by the protective effects of higher body mass index. These 
findings underscore the importance of BMI-stratified risk assessment in elderly HFpEF 
patients and highlight the need for personalized prognostic models that account for body 
composition heterogeneity. Future studies should investigate the mechanisms underlying the 



differential prognostic value of BUN across BMI strata and explore whether incorporating 
interaction terms or stratified modeling approaches improves predictive accuracy. 

Decision Curve Analysis for All-Cause Mortality in BMI-Low HFpEF Patients 

In this subgroup analysis of elderly patients with HFpEF aged ≥65 years, we conducted DCA 
to evaluate the clinical utility of BUN as the primary predictor of all-cause mortality, along 

with four auxiliary variables (age, neutrophil percentage, BNP, and creatinine). The DCA 

demonstrated that both the BUN-only model (baseline model) and the full model 

incorporating all five variables provided clinical net benefit across a wide range of threshold 

probabilities (0-40%). At threshold probabilities between 10% and 35%, the full model 

showed consistently higher net benefit compared to the BUN-only model, with the 

standardized net benefit ranging from 0.81 to 0.89 for the full model versus 0.79 to 0.87 for 

the baseline model. The BUN-only model exhibited net benefit above the "treat-all" and 

"treat-none" strategies across threshold ranges of 0.05-0.42, indicating its potential clinical 

utility for risk stratification in this population. The addition of age, neutrophil percentage, 

BNP, and creatinine to BUN marginally improved the net benefit, particularly at intermediate 

threshold probabilities (15-25%). 

As illustrated in Figure 11, the decision curve analysis revealed that the full prediction model 

(BUN + Age + Neutrophil percentage + BNP + Creatinine) achieved the highest net benefit 

across most threshold probabilities, followed by the BUN-only model. Both models 

demonstrated superior clinical utility compared to the treat-all and treat-none strategies 

within the clinically relevant threshold range of 5-40%. The clinical impact analysis further 

confirmed that at a 20% threshold probability, approximately 82% of patients would be 

classified as high-risk by the full model, with a corresponding net benefit of 0.81. These 

findings suggest that incorporating the four auxiliary variables alongside BUN enhances the 

predictive performance for all-cause mortality in this elderly HFpEF cohort with low BMI, 

though the improvement over BUN alone is modest and may not justify the added complexity 

in clinical practice. 

 

DISCUSSION 

The observation that a simple anthropometric measure, body mass index (BMI), outperforms complex 
blood‑derived nutritional indices in predicting all‑cause mortality among elderly patients with HFpEF 
underscores a fundamental tension in contemporary risk stratification: multi‑parameter scores are 
vulnerable to acute illness and renal dysfunction, whereas BMI may better capture long‑term 
metabolic reserve and the protective effects of the obesity paradox [9,10]. In our LASSO‑Cox models, 
each 1 kg/m² increase in BMI was associated with a 7% lower risk of all‑cause death (HR 0.93, 95% 
CI 0.88–0.98, P = 0.009), whereas HALP, TCBI, GNRI, CONUT and PNI were either shrunk to zero 
or non‑significant. This differential performance aligns with prior work showing that such indices 
often lose independence after multivariable adjustment [11,12], likely because their blood‑based 
components—albumin, lymphocyte count, cholesterol—fluctuate with inflammation and congestion, 
whereas BMI remains relatively stable and integrates adiposity that may buffer catabolic stress [14]. 
In XGBoost models, BMI achieved the highest validation AUC (mean 0.65) among the six indices 



and a SHAP contribution of 0.08, while GNRI and CONUT showed comparable AUCs but markedly 
lower SHAP values (0.04 and 0.03). We identified an optimal BMI cut‑point of 24.46 kg/m² via 
maximally selected log‑rank statistics (corrected P = 0.00053), below which the risk of death more 
than doubled (HR 0.40, 95% CI 0.27–0.61, P < 0.001). The apparent discrepancy between the hazard 
ratio for continuous BMI (HR 0.93 per 1 kg/m²) and that for BMI categorised at the 24.46 kg/m² 
cut‑off (HR 0.40 for the high‑BMI group vs. the low‑BMI group) warrants clarification. This 
difference does not indicate statistical inconsistency, but rather reflects the non‑linear (U‑shaped or 
J‑shaped) relationship between BMI and mortality in this elderly HFpEF population. The linear Cox 
model assumes a constant log‑linear effect across the entire BMI spectrum, yielding an averaged 
estimate of 0.93. In contrast, the dichotomised comparison at the maximally selected cut‑point 
captures the full contrast between the low‑BMI and high‑BMI groups, where the mean BMI values 
were 21.14 and 27.11 kg/m², respectively—spanning a 6‑unit difference. The greater risk reduction 
observed in the categorised analysis (59.6%) suggests that the protective slope of BMI is steeper 
below the threshold than above it, consistent with the obesity paradox being most pronounced in the 
lower range of BMI. This non‑linear pattern further supports the use of a threshold‑based risk 
stratification approach in clinical practice, rather than assuming a uniform linear protective effect of 
BMI. The lack of significance for any blood‑derived index in our LASSO‑Cox framework may reflect 
the unique elderly, frail population (mean age >80 years) where acute‑phase disturbances are 
common, and composite scores like HALP introduce collinearity with renal function and 
inflammation [16]. Of note, BMI’s protective effect did not extend to cardiovascular mortality (HR 
0.95, 95% CI 0.85–1.08, P = 0.45), suggesting its benefit is driven primarily by non‑cardiovascular 
deaths—a pattern consistent with the obesity paradox being mediated through metabolic and immune 
reserve rather than direct cardiac protection [18–20]. 

The most striking finding of this study is that the prognostic relevance of BUN is fundamentally 
modified by BMI. In the overall LASSO‑Cox model, BUN showed a non‑significant HR of 1.02 
(95% CI 0.99–1.05, P = 0.24), yet in the XGBoost framework it became the most influential predictor 
overall (mean SHAP 0.21), surpassing age (0.15) and BNP (0.12). This discordance—well 
documented in other clinical contexts [21,22]—reflects XGBoost’s ability to capture non‑linear 
threshold effects and high‑order interactions that linear Cox models systematically miss, whereas 
LASSO may shrink BUN towards zero due to collinearity with creatinine or eGFR. More importantly, 
subgroup analysis revealed that BUN ranked third in SHAP importance in the low‑BMI group (mean 
SHAP 0.18, behind age and neutrophil percentage), but dropped to tenth (SHAP 0.05) in the 
high‑BMI group. Decision curve analysis in the low‑BMI subgroup showed that a BUN‑only model 
provided clinical net benefit across threshold probabilities of 5–42% (standardized net benefit 0.79–
0.87), with only marginal improvement from adding age, neutrophil percentage, BNP and creatinine 
(0.81–0.89). This differential pattern suggests that in leaner, more frail patients, BUN—reflecting 
cardiorenal syndrome, prerenal azotemia, and catabolic stress—captures a dominant 
pathophysiological pathway, whereas in overweight patients, preserved metabolic reserve and distinct 
inflammatory profiles may attenuate its prognostic signal [23,24]. These findings are consonant with 
reports that low‑BMI cardiac surgery patients exhibit higher BUN and greater renal vulnerability [56], 
reinforcing that low BMI may be a marker of underlying frailty and renal impairment. 

The optimal BMI threshold of 24.46 kg/m² provided effective risk stratification (high‑BMI group HR 
0.40, 95% CI 0.27–0.61, P < 0.001), yet its utility is not uniform across analytical frameworks. While 
LASSO‑Cox retained BMI as a significant predictor for all‑cause mortality, XGBoost‑based risk 
stratification incorporating BMI showed a validation AUC of only 0.65 and failed to achieve 
significant survival separation in the validation cohort (log‑rank P ≈ 0.70), indicating overfitting. 



Subgroup analyses further underscored this heterogeneity: the model’s validation C‑index was 0.68 in 
the low‑BMI group but only 0.44 in the high‑BMI group, with non‑significant risk group separation in 
the latter (P = 0.68). These discrepancies suggest that the prognostic significance of BMI is not 
uniform and may be confounded by underlying frailty and renal function. While echocardiographic 
indices such as global longitudinal strain and TAPSE/PASP ratio may provide complementary 
one‑year risk stratification [25], our threshold offers a readily accessible anthropometric tool. 
Nonetheless, the cut‑point derived from a single‑center cohort of 228 patients requires external 
validation before clinical adoption, and its predictive value for cardiovascular mortality remained 
non‑significant, reinforcing the need for caution. 

The failure of GNRI, CONUT, and PNI to independently predict mortality after multivariable 
adjustment—despite significant univariate differences—mirrors a persistent controversy in the 
literature [11,12,26]. In our study, non‑survivors had significantly lower GNRI and higher CONUT, 
yet in LASSO‑Cox models GNRI was non‑significant (HR 0.98, P = 0.31) and CONUT, PNI, HALP, 
and TCBI had coefficients shrunk to zero. This attenuation likely arises from collinearity between 
their shared components (albumin, lymphocyte count, cholesterol) and inflammatory activation, renal 
dysfunction, and diuretic use—all captured by other covariates, a pattern also observed in septic ICU 
patients where nutritional scores lost significance after limited adjustment [27]. The divergent 
importance of BUN across BMI strata further implies that these indices may not reflect the same 
pathophysiology across the body composition spectrum; in leaner patients, prognostic signal may be 
driven by concurrent cardiorenal wasting, whereas in overweight patients, protective 
adipokine‑mediated pathways may obscure the association. Future research should investigate 
whether serial trajectories, combination with novel biomarkers such as omentin [28], or 
disease‑specific indices integrating mitochondrial dysfunction or fibroinflammatory remodeling [29] 
could outperform generic nutritional scores developed for surgical or oncologic populations. 

The marked disparity between strong internal discrimination (training AUC ≈0.95) and poor external 
validation (validation AUC ≈0.65) in the XGBoost framework highlights overfitting to idiosyncratic 
features of the development cohort—a concern echoed across diverse clinical domains [31–33]. 
Strategies to mitigate this gap include nested cross‑validation [34], diversity‑guided stacking [35], 
hybrid feature‑selection pipelines [35], and meta‑learner training on out‑of‑fold predictions [36]; 
stacking ensembles have achieved very small overfitting gaps in other settings [37,38]. In our study, 
model complexity overwhelmed the limited event count (n=103), with the low‑BMI subgroup 
yielding a validation C‑index of 0.68 and the high‑BMI subgroup dropping to 0.44. Direct 
comparisons with other ensemble approaches (e.g., CatBoost, LightGBM) that may have 
outperformed XGBoost in some contexts [39] were not performed and represent a critical evidence 
gap. Future work must adopt stricter feature pre‑filtering and external validation in geographically 
diverse HFpEF cohorts. 

The lack of statistical significance for statin use and BNP in the cardiovascular mortality model likely 
reflects insufficient statistical power rather than a true absence of biological effect. In our 
LASSO‑penalized Cox model, both statin use (HR 0.65, 95% CI 0.27–1.59, P = 0.35) and BNP (HR 
1.0004, 95% CI 0.9998–1.0009, P = 0.23) were retained but non‑significant, contrasting with broader 
literature where statins reduce cardiovascular mortality by 26–31% [40,41] and BNP >100 pg/mL is 
associated with a nearly 5‑fold increase in risk [42]. The wide confidence intervals strongly suggest 
insufficient power due to the small sample size and low cause‑specific event rate, compounded by 
LASSO regularization. The divergence between all‑cause and cardiovascular mortality findings also 
raises the possibility that competing risk of non‑cardiovascular death—driven by frailty, infection, or 
renal failure—diluted the cause‑specific signal, as supported by BUN being the most influential 



predictor in XGBoost. Similarly, the variability in statin’s protective effect across model specifications 
(significant in some LASSO‑Cox models but with modest SHAP 0.07 in XGBoost) reflects differing 
handling of confounding and interactions; this pattern aligns with reports that statin benefits in HFpEF 
may be confounded by indication or effect modification [43], and our interaction analysis showed no 
significant BMI–statin interaction (HR 0.99, P = 0.36). Observational HFpEF studies should move 
beyond single‑model inference and leverage causal inference methods to reduce residual confounding. 

The growing emphasis on parsimonious risk stratification is fueled by repeated demonstrations that 
BUN consistently emerges as a top predictor across diverse clinical phenotypes [46–54]. In our study, 
BUN was the most influential feature in the full XGBoost model (SHAP 0.21), and decision curve 
analysis in the low‑BMI subgroup revealed that a BUN‑only model provided clinical net benefit 
across a threshold probability range of 5–42% (standardized net benefit 0.79–0.87), only marginally 
improved by adding four auxiliary variables (0.81–0.89). However, several nuances argue against 
premature practice change. First, BUN’s performance was strikingly context‑dependent: in the 
high‑BMI subgroup, BUN dropped to tenth (SHAP 0.05) and the model’s validation C‑index fell to 
0.44 with non‑significant risk stratification, indicating that BUN’s prognostic value is substantially 
attenuated in patients with higher BMI. Second, despite BUN’s omnipresence in the literature, nearly 
all validated models employed multi‑variable nomograms or ensembles, implying implicit recognition 
of the limitations of one‑variable scores. Third, our DCA was performed only in the low‑BMI 
subgroup; analogous analyses in the overall cohort and high‑BMI stratum were not reported. The 
XGBoost model showed a validation AUC of only 0.65 and failed to achieve significant risk 
separation in the validation set, raising concerns that even the multi‑variable model may overfit—a 
problem a simpler BUN‑only model could potentially exacerbate. Future research should 
prospectively validate a streamlined two‑variable risk score (BUN + a single BMI‑stratified modifier) 
using dedicated decision‑curve and calibration analyses across external cohorts, while also integrating 
competing‑risk frameworks. 

 

LIMITATIONS 

This study has several limitations. First, the single‑center retrospective design and modest sample size 
(n=228, 103 events) may limit statistical power and generalizability, particularly in subgroup analyses 
and the XGBoost validation set where the C‑index dropped to 0.44 in the high‑BMI group, and risk 
stratification in the validation cohort was non‑significant (log‑rank P≈0.70), underscoring potential 
overfitting. Second, residual confounding cannot be excluded; unmeasured factors such as sarcopenia, 
inflammatory markers, and detailed dietary intake were not available. Third, the nutritional indices 
were derived from admission laboratory values and may not reflect dynamic changes over time. 
Despite these constraints, the head‑to‑head comparative design and the use of both penalized 
regression and machine learning with SHAP interpretability provide robust internal comparisons. 
Future prospective, multicenter studies with larger, diverse populations and serial nutritional 
assessments are warranted to validate the differential prognostic utility of BUN across BMI strata and 
to confirm the optimal BMI threshold of 24.5 kg/m² identified here. 

 

CONCLUSION 

Among six nutritional indices evaluated in elderly patients with HFpEF, body mass index was the 
only independent predictor of all‑cause mortality (HR 0.93 per kg/m², 95% CI 0.88–0.98), with an 



optimal risk threshold of 24.46 kg/m² that yielded a 59.6% relative risk reduction in the high‑BMI 
group, supporting the obesity paradox in this population. Notably, BUN emerged as the top 
contributor in machine learning models (mean SHAP 0.21) and its prognostic value was markedly 
accentuated in the low‑BMI subgroup (SHAP 0.18) but attenuated in the high‑BMI subgroup (SHAP 
0.05), suggesting that BMI stratification redefines the predictive weight of renal markers. These 
findings support the use of simple BMI‑based risk stratification in elderly HFpEF and highlight BUN 
as a particularly informative marker in underweight patients. Prospective validation in independent 
cohorts is needed before clinical implementation. 
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FIGURE LEGENDS 

 

Figure 1. Cross‑validation curve for the BMI LASSO‑Cox model.   

The vertical axis shows partial likelihood deviance, the horizontal axis log(λ). The red dashed 
line marks λ.min (0.0286), and the blue dashed line marks λ.1se (0.1269). Error bars 
represent ±1 standard error. 

 

Figure 2. Coefficient path plot for the BMI LASSO‑Cox model.   



Each line represents the trajectory of a coefficient as the penalty λ increases. Positive 
coefficients increase hazard, negative coefficients decrease hazard. The vertical red line is at 
λ.min. 

 

Figure 3. Forest plot of selected variables in the BMI LASSO‑Cox model.   

Hazard ratios (squares) and 95% confidence intervals (horizontal lines) are shown. A hazard 
ratio <1 indicates a protective effect. BMI and statin use are significantly protective, while 
age is a significant risk factor. 

 



 

Figure 4. SHAP summary plot for the BMI‑based XGBoost model 

Variables are ranked by mean absolute SHAP values. Higher SHAP values indicate greater 
influence on model predictions. BUN, age and BNP are the top contributors; BMI ranks fifth 
with a mean SHAP of 0.08. 



 

Figure 5. Time‑dependent AUC curves for the BMI‑based XGBoost model  

Training AUC (blue) remains consistently high (0.95–0.96) across follow‑up, while 
validation AUC (red) increases from 0.62 to 0.72, with a mean validation AUC of 0.65. 

 

 

Figure 6. Kaplan‑Meier risk stratification for the BMI‑based XGBoost model.   



Patients are dichotomised into high‑ and low‑risk groups using the median XGBoost risk 
score. The training cohort shows a highly significant separation (log‑rank p < 0.001), whereas 
the validation cohort exhibits a non‑significant trend (p = 0.15). 

 

 

Figure 7. Cross-validation curve for lambda selection in Lasso-penalized Cox regression.  

The x-axis shows the log(λ) values, while the y-axis represents the partial likelihood deviance 
with standard error bars from 10-fold cross-validation. The red vertical line indicates λmin 
(0.0127), and the blue dashed line indicates λ1se (0.0386). At λmin, the model retains 3 non-
zero coefficients, optimizing the bias-variance tradeoff. 



 

Figure 8. Forest plot of hazard ratios for selected predictors in the multivariate Lasso-Cox 
model.  

The plot displays hazard ratios (squares) with 95% confidence intervals (horizontal lines). 
The vertical dashed line represents HR = 1 (no effect). None of the predictors reached 
statistical significance (P > 0.05). 



 

Figure 9. Maximally selected log‑rank statistic for BMI cut‑point identification.   

The x‑axis represents candidate BMI cut‑points (kg/m²), and the y‑axis shows the 
standardized log‑rank statistic. The blue dashed line marks the optimal cut‑point at 
24.46 kg/m², which yields the maximum statistic (peak). The red horizontal line indicates the 
significance boundary at α = 0.05 after Lau94 correction for multiple testing. The peak 
exceeding the red line confirms that the identified cut‑point provides a statistically significant 
separation of survival outcomes (corrected P = 0.00053). 



 

Figure 10. SHAP Feature Importance Analysis Comparing Both BMI Groups. 

SHAP (SHapley Additive exPlanations) summary plots showing the mean absolute SHAP 
values for each clinical predictor. Low BMI group (BMI < 24.46 kg/m²): BUN ranks as the 
3rd most important feature (SHAP = 0.18), highlighting its strong prognostic value in this 
subgroup.  



 

Figure 11. Decision curve analysis comparing BUN-only baseline model versus full model 
(BUN + Age + Neutrophil percentage + BNP + Creatinine) for predicting all-cause mortality 
in elderly HFpEF patients with low BMI.  

The y-axis shows standardized net benefit, and the x-axis represents the threshold probability. 



TABLE 

Table 1. Baseline characteristics of elderly HFpEF patients (≥65 years) stratified by all-cause mortality during a median follow-up of 2–3 years 

Variable Survivors (n=125) Non-survivors (n=103) P-value 

Demographics    

Age (years) 80.26 ± 8.06 85.60 ± 7.50 <0.001 *** 

Sex, male (%) 78 (62.40) 75 (72.82) 0.127 ns 

Body weight (kg) 68.10 ± 11.78 62.88 ± 12.17 0.001 ** 

BMI (kg/m²) 24.88 ± 3.46 22.80 ± 3.84 <0.001 *** 

Vital signs    

Admission SBP (mmHg) 140.49 ± 22.36 139.53 ± 23.58 0.756 ns 

Admission DBP (mmHg) 74.06 ± 12.73 72.62 ± 13.12 0.403 ns 

Admission heart rate (bpm) 78.09 ± 17.79 77.18 ± 16.40 0.691 ns 

Cardiac function    



Variable Survivors (n=125) Non-survivors (n=103) P-value 

Ejection fraction (%) 56.94 ± 4.34 55.65 ± 2.84 0.007 ** 

BNP (pg/ml) 367.91 ± 585.02 607.20 ± 765.80 0.010 * 

Comorbidities    

Hypertension (%) 100 (80.00) 86 (83.50) 0.613 ns 

Atrial fibrillation (%) 46 (36.80) 28 (27.18) 0.161 ns 

Diabetes mellitus (%) 39 (31.20) 34 (33.01) 0.882 ns 

Chronic kidney disease (%) 26 (20.80) 40 (38.83) 0.004 ** 

COPD (%) 16 (12.80) 15 (14.56) 0.847 ns 

Stroke (%) 14 (11.20) 14 (13.59) 0.730 ns 

Hyperuricemia (%) 12 (9.60) 15 (14.56) 0.343 ns 

Hyperlipidemia (%) 45 (36.00) 30 (29.13) 0.338 ns 

Medications    



Variable Survivors (n=125) Non-survivors (n=103) P-value 

ACEI (%) 9 (7.20) 4 (3.88) 0.431 ns 

ARB (%) 41 (32.80) 24 (23.30) 0.152 ns 

Beta-blocker (%) 74 (59.20) 49 (47.57) 0.105 ns 

CCB (%) 56 (44.80) 46 (44.66) 1.000 ns 

Digoxin (%) 14 (11.20) 8 (7.77) 0.517 ns 

Statin (%) 94 (75.20) 47 (45.63) <0.001 *** 

MRA (%) 54 (43.20) 45 (43.69) 1.000 ns 

Antiplatelet agent (%) 78 (62.40) 47 (45.63) 0.016 * 

Anticoagulant (%) 23 (18.40) 8 (7.77) 0.033 * 

Laboratory data    

White blood cell count (×10⁹/L) 6.88 ± 2.87 6.80 ± 2.46 0.818 ns 

Neutrophil percentage (%) 65.52 ± 12.33 70.29 ± 14.32 0.008 ** 



Variable Survivors (n=125) Non-survivors (n=103) P-value 

D-dimer (ng/ml) 468.24 ± 891.25 620.72 ± 875.12 0.196 ns 

Serum sodium (mmol/L) 138.96 ± 3.94 138.11 ± 4.22 0.118 ns 

Serum potassium (mmol/L) 4.04 ± 0.47 4.25 ± 0.63 0.005 ** 

Creatinine (µmol/L) 129.30 ± 157.20 183.18 ± 179.33 0.018 * 

Blood urea nitrogen (mmol/L) 8.62 ± 5.05 11.69 ± 8.14 0.001 ** 

eGFR (ml/min/1.73m²) 86.63 ± 53.12 63.11 ± 42.15 <0.001 *** 

Total protein (g/L) 65.60 ± 5.67 65.56 ± 6.89 0.962 ns 

Prealbumin (mg/L) 209.04 ± 62.91 196.25 ± 66.22 0.139 ns 

Triglycerides (mmol/L) 1.36 ± 0.76 1.30 ± 0.79 0.554 ns 

Total cholesterol (mmol/L) 3.80 ± 0.98 4.08 ± 1.04 0.039 * 

LDL-cholesterol (mg/dL) 2.16 ± 0.75 2.32 ± 0.75 0.109 ns 

HDL-cholesterol (mmol/L) 1.09 ± 0.29 1.13 ± 0.38 0.401 ns 



Variable Survivors (n=125) Non-survivors (n=103) P-value 

Hemoglobin (g/L) 119.48 ± 20.26 109.83 ± 22.79 <0.001 *** 

Platelet count (×10⁹/L) 179.78 ± 62.16 177.47 ± 68.73 0.792 ns 

Albumin (g/L) 39.88 ± 4.15 38.87 ± 4.44 0.081 ns 

Lymphocyte count (×10⁹/L) 1.46 ± 0.69 1.43 ± 2.64 0.924 ns 

Nutritional scores    

HALP score 44.15 ± 28.64 39.28 ± 72.12 0.520 ns 

TCBI 122.94 ± 99.00 110.52 ± 76.91 0.288 ns 

GNRI 100.22 ± 6.77 97.15 ± 8.03 0.002 ** 

CONUT score 4.37 ± 1.58 4.88 ± 1.33 0.009 ** 

PNI 47.17 ± 5.62 46.03 ± 14.12 0.444 ns 

Albumin score 0.27 ± 0.93 0.39 ± 0.89 0.347 ns 

Lymphocyte count score 1.17 ± 1.09 1.58 ± 1.03 0.004 ** 



 

Notes: Data are presented as mean ± SD for continuous variables and n (%) for categorical variables. P-values were derived from independent t-
test (continuous) or chi-square test (categorical). Significance: *** p<0.001; ** p<0.01; * p<0.05; ns, not significant.* 

Abbreviations: HFpEF, heart failure with preserved ejection fraction; BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood 
pressure; BNP, B-type natriuretic peptide; COPD, chronic obstructive pulmonary disease; ACEI, angiotensin-converting enzyme inhibitor; ARB, 
angiotensin receptor blocker; CCB, calcium channel blocker; MRA, mineralocorticoid receptor antagonist; eGFR, estimated glomerular filtration 
rate; LDL, low-density lipoprotein; HDL, high-density lipoprotein; HALP, hemoglobin-albumin-lymphocyte-platelet; TCBI, total cholesterol–
body weight index; GNRI, geriatric nutritional risk index; CONUT, controlling nutritional status; PNI, prognostic nutritional index. 

 

Table 2. Comparison of LASSO‑Cox model results for BMI and other nutritional indices in predicting all‑cause mortality among elderly HFpEF 
patients 

Nutritional index HR (95% CI) for index P value HR (95% CI) for age (per year) P value HR (95% CI) for statin use P value 

BMI 0.93 (0.88–0.98) 0.009 1.06 (1.04–1.09) <0.001 0.65 (0.44–0.96) 0.029 

HALP Not selected 1 1.06 (1.03–1.09) <0.001 0.69 (0.46–1.03) 0.068 

TCBI Not selected 1 1.07 (1.04–1.10) <0.001 0.61 (0.41–0.89) 0.01 

GNRI 0.98 (0.95–1.02) 0.31 1.07 (1.04–1.10) <0.001 0.62 (0.42–0.91) 0.016 

CONUT Not selected 1 1.05 (1.03–1.08) <0.001 0.70 (0.49–1.02) 0.06 

PNI 1.00 (0.97–1.03) 1 1.07 (1.04–1.10) <0.001 0.62 (0.43–0.91) 0.015 

Notes: “Not selected” indicates the LASSO penalty shrunk the coefficient to zero at λ.min; thus no HR or CI is estimated. Age and statin HRs 
are derived from the respective model for each nutritional index. 

 

Table 3. Model performance and BUN feature importance in XGBoost‑based risk stratification stratified by BMI subgroups among elderly 
HFpEF patients. 

Parameter Low BMI Group (<24.46) High BMI Group (≥24.46) 



Sample Size 120 108 

Training Samples / Events 84 / 56 75 / 29 

Validation Samples / Events 36 / 13 33 / 5 

Training C-index 0.94 0.91 

Validation C-index 0.68 0.44 

BUN SHAP Rank / Value 3rd / 0.18 10th / 0.05 

 



 


