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Abstract

As the terminal stage of various cardiovascular diseases, Heart failure(HF) presents a significant
clinical challenge due to its high mortality rate and the complexity of prognosis assessment. Tradi-
tional machine learning models often struggle with the trade-off between predictive accuracy and
interpretability, which limits their deployment in critical medical decision-making scenarios. This
study proposes an optimized heart failure risk prediction framework that integrates Stacking en-
semble learning with SHAP (SHapley Additive exPlanations) deep explainable analysis. Firstly, fea-
ture engineering was performed by introducing medical interaction features such as “Age x r’ and
applying the Synthetic Minority Over-sampling Technique (SMOTE) for data governance, ensuring the
model’s capability to characterize high-risk samples. Secondly, a heterogeneous Stacking ensemble
architecture based on Gradient Boosting Decision Tree (GBDT), Random Forest (RF), and Support
Vector Machine (SVC) was designed and implemented. To overcome multi-collinearity issues under
small sample conditions, a Ridge Classifier with L2 regularization was innovatively adopted as the
meta-learner, combined with a feature passthrough mechanism. Ablation studies confirmed that
the synergistic effect of these core modules effectively corrects predictive biases inherent in indi-
vidual algorithms and significantly enhances the model’s ability to capture minority class instances.
Experimental results demonstrate that the proposed ensemble model outperforms single baseline
algorithms in comprehensive evaluation metrics such as Accuracy and F1-Score, while maintaining
extremely high Sensitivity (Recall), substantially reducing clinical misdiagnosis rates. Finally, SHAP
interpretation technology was employed to achieve full-stack transparency, ranging from global
feature contribution to individual case attribution, thus validating the deep alignment between al-
gorithmic decisions and medical logic. Considering the limitations of small-sample and single-cen-
ter data, this research not only provides a high-precision quantitative tool for HF risk assessment
but also proposes a feasible technical framework for the exploration of closed-loop intelligent med-
ical decision support systems.
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Table 1. Baseline data
= 1. GRS TR

& PR 6 b3 (Variables) 17354 (n = 203) LT (n = 96) GilE@t) P {E(P-value)
EHY (Age years) 58.76 +10.64 6522 +13.21 —4.43 <0.001
S 11153 $0(EF, %) 40.27 +10.86 33.47+12.53 4.83 <0.001
1% WLEF(Cr, mg/dL) 1.18 £0.65 1.84+1.47 -5.32 <0.001
135 #9(Na, mEq/L) 137.22+£3.98 135.38 £5.00 3.44 0.0007
Fiti 17 5 [E] (Time, days) 158.34 £ 67.74 70.89 + 62.38 10.69 <0.001
LR 2 BB (CPK, meg/L) 540.05 + 753.80 670.20 + 1316.58 -1.08 0.2796
1fiL/NBR (Platelets, kilopkts/mL) 266657 97531 256381 + 98525 0.84 0.3972
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Figure 1. Feature correlations
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Figure 7. Key risk factors
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