Supplement material 

Conditional inference survival tree development and hyperparameter tuning details
CISTree is a non-parametric, tree-based embedding model that utilizes a conditional inference procedure. Fundamentally, the algorithm first generates weights for each learning sample and subsequently tests for independence between the covariates and the outcome for case weights. If a relationship is present, the predictor with the most evident link with the outcome (indicated by the lowest P-value, compared using the “Bonferroni – Monte Carlo adjusted P-value”) is selected.1,2 We adhered to the generic rule of three16 by setting the minimum number of cases in any terminal nodes to 125 (three times the number of participants needed to observe a case).3

Boruta variable selection algorithm introduction
Briefly, it initially randomly adds a shuffled copy of all factors, then returns features importance scores from a random forest classifier consecutively, where it automatically detects and erases a real feature which is relatively less important than its shadow one simultaneously.4 The process stops when every feature is confirmed or rejected or it reaches 1,000 iterations. Only confirmed features were included in the training and validation sets in subsequent steps.

Machine learning algorisms development 
1. Cox regression model (Cox)
Cox is a semi-parametric statistic model for survival regression or prediction. We choose all selected variables by the Boruta algorism to establish Cox model. (without hyperparameters tuning)
2. generalized linear models with  least absolute shrinkage and selection operator  regression (LASSO)
LASSO is a regularization Cox model with the parameter - alpha equals to 1. We choose all selected variables by the Boruta algorism to establish LASSO model. 5
3. Generalized linear models with elastic net regularization (Elastic net)
Elastic net is a regularization Cox model with the hyperparameter – alpha from 0 to 1, which should be tuned to find the suitable value. We choose all selected variables by the Boruta algorism to establish elastic net model.5
4. Survival trees 
Survival tree is an extension of classification and regression tree (CART), however the outcome is the time-to-MACE status, at each time point whether one will occur MACE. We choose all selected variables by the Boruta algorism to establish Survival tree model. Hyperparameters include complexity parameter (cp) and minbucket, the smallest number of cases in a partitionable node.6 
5. Random survival forest (RSF)
RSF is an extension of random forest, a bagging machine learning method. The splitting rule is “Log-rank splitting”, which is to maximize the difference of two log-rank statistics in daughter nodes. We choose all selected variables by the Boruta algorism to establish RSF model. The hyperparameters of RSF include the number of trees to build the forest, the number of variables randomly selected for splitting at each node, and minimum size of terminal nodes.7 
6. Conditional random forest (Cforest)
Cforest is an extension of conditional inference tree in survival framework. It is also a bagging algorism. Unlike RSF, the Cforest choose the variable with the strongest association to survival outcome to a splitting variable, and apply permutation test to find the best splitting value. We choose all selected variables by the Boruta algorism to establish Cforest model. The hyperparameters of Cforest include the number of trees to build the Cforest and the number of variables randomly selected for splitting at each node.8 
7. Survival gradient boosting machine (GBM)
Survival gradient boosting machine is an extension of gradient boosting machine, a boosting algorism. Unlike forest methods, averaging all base learners results then making a final decision, GBM and other boosting methods will focus on the poor samples in each iteration, and finally get one result. Here, the base learner is survival tree. We choose all selected variables by the Boruta algorism to establish GBM model. The hyperparameters of GBM include the number of trees to build the GBM, the number of splits on a tree, learning rate, and minimum size of terminal nodes, which contributes to the stop of GBM.9
8. Survival neural networks (Deepsurv)
Deepsurv is a deep learning Cox-based model, which replaces the linear part in Cox by non-linear relationship studied by neural network framework.  We choose all selected variables by the Boruta algorism to establish Deepsurv model and it will automatically find the suitable weights between predictors and survival functions. The hyperparameters include the number of nodes in each hidden layer, the number of hidden layers, learning rate, dropout layer, and weights decay.10 
9.  Extreme gradient boosting survival learner (XGBoost)
XGBoost is another boosting method besides GBM, which including regularization and provide tree pruning to avoid overfitting. And the base learner is Cox. Globally, it should perform better than GBM on test dataset. We choose all selected variables by the Boruta algorism to establish XGBoost model. The hyperparameters include the number of boosting iterations, the maximum depth, and the learning rate.11
10. likelihood-based boosting survival Cox model (Coxboost)
Comparing to gradient boosting methods, it uses the offset-based boosting method of Tutz and Binder to estimate the Cox model. And in each iteration, the offset of the partial likelihood estimate penalized by the previous boosting step is used to obtain an update of a single parameter, i.e., a covariate. We choose all selected variables by the Boruta algorism to establish Coxboost model. The hyperparameters include the number of boosting steps and the penalty value for each updated parameter in each iteration.12 
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