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Predicting Early Mortality Risk in Heart Failure
Patients Using Cross—Feature Attention and
Lightweight Table Transformer

Liu Jiashuo, Li Yuanlong, Aynur Turhun’

( School of Computer Science and Technology, Kashgar University, Xinjiang Kashgar 844000 )

Abstract: This study addresses the limitations of existing clinical scoring systems and traditional machine
learning models in processing EHR data from heart failure patients, including weak feature representation, difficulty
in capturing higher—order interactions, and low recall rates for minority class samples. We propose a lightweight
table Transformer variant, LT-CFA. The model achieves semantic alighment between numerical and categorical
features through continuous variable embedding ( CVE ), introduces a linear—complexity cross—feature attention
( XFA ) module to reduce overfitting, and employs focal loss to mitigate class imbalance ( with only 13.5% mortality
samples ) . Five—fold cross—validation on 1, 177 heart failure patients from MIMIC~III demonstrated that LT-
CFA achieved an ROC-AUC of 0912, an Fl-score of 0.769, and a mortality recall rate of 0.785, significantly
outperforming XGBoost and TabNet. On 299 external data points, the AUC remained at 0.886, indicating strong
generalization capability. Ablation experiments validated the effectiveness of each module, and attention heatmaps

revealed strong interactions between NT—proBNP, EF, and creatinine, consistent with clinical consensus. The
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results demonstrate that LT-CFA achieves efficient prediction and interpretable modeling with low computational

overhead, providing a lightweight solution for critical care prognosis assessment.

Keywords: Deep learning, Transformer, cross—feature attention, Heart failure, Mortality risk prediction,

Explainable Al, Focal loss, Clinical decision support system
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