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Method
To address the issue of overfitting in logistic regression, which is primarily influenced by the number of variables, we employed L2 regularization using Ridge regression. The dataset was divided into a training set (70%) and a testing set (30%). Ridge regression was applied through the glmnet package in R, with the alpha parameter set to 0 to enable L2 regularization. We utilized cross-validation to determine the optimal regularization parameter, lambda, and subsequently retrained the model based on this value. The introduction of regularization led to the convergence of coefficient magnitudes, thereby reducing the risk of overfitting. Finally, model performance was evaluated using the Receiver Operating Characteristic (ROC) curve and the Area Under the Curve (AUC) value.

Results
[bookmark: _Hlk181547292]The early mortality risk model indicated that a lambda value of 0.120 was the optimal regularization parameter, and the coefficients for this model are shown in Table S1. This model, along with our initial unregularized logistic regression model, showed consistency in the direction of variables and outcomes, with the coefficient magnitudes converging, further validating our results. Additionally, the AUC value was 0.81 (Figure S1), which helped mitigate the risk of overfitting caused by the mismatch between the number of variables and the number of events.
Similarly, the embolism model indicated that a lambda value of 0.013 was the optimal regularization parameter, and the coefficients for this model are shown in Table S2. This model, along with our initial unregularized logistic regression model, showed consistency in the direction of the variables and outcomes, with the coefficient magnitudes converging, further validating our results. Additionally, the AUC value was 0.70 (Figure S2), which helped mitigate the risk of overfitting caused by the mismatch between the number of variables and the number of events.


Table S1. Variable coefficients of an early postoperative death model constructed using Ridge regression.
	Variable 
	Coefficients

	Female                       
	-0.0130

	Coronary artery disease       
	0.1020

	Platelet count < 100×109/L     
	0.2880

	Albumin < 35 g/L              
	0.0140

	Creatinine, µmol/L          
	0.0003

	Prosthetic valve             
	0.0320



Table S2. Variable coefficients of an embolic events model constructed using Ridge regression.
	Variable 
	Coefficients

	Cerebral infarction within 3 months
	0.423

	History of peripheral vasculopathy
	0.787

	HB <  90 g/L 
	0.120



[image: ]
Figure S1. ROC curves of an early postoperative death model constructed using Ridge regression.
[image: ]Figure S2. ROC curves of an early postoperative death model constructed using Ridge regression.
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