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Figure S1 Construction and evaluation of machine learning models based on relapse status as an outcome. (A) Comparison of the area under the ROC curve for each machine learning model; (B) Comparison of the DCA curve for each machine learning model; (C) Calibration curve for the neural network model; (D) SHAP16-based visualization of variable importance for the neural network model.
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Figure S2 Construction of random survival forest model with progression-free survival as an outcome indicator. (A) Evaluation of overall model performance based on Brier scores; (B) Quantification of the importance of model variables based on VIPM algorithm; (C) Comparison of the progression-free survival with different expression of IL2R, IL-6, and CEA; (D) Time-dependent ROC curves regarding IL2R, IL-6, and CEA based on the progression-free survival. 

Table S1 Optimal hyperparameters for ten machine learning models
	Model
	Hyperparameters

	XGBoost
	nrounds = 55, lambda = 0.009944012,

alpha = 0.001154892, eta = 2.027915969

	Random forest (RF)
	mtry = 9

	Support vector machine (SVM)
	sigma = 0.119849609, C = 521.3410642

	k-nearest neighbor (KNN)
	kmax = 59, distance = 1.056362234,
kernel = epanechnikov

	Naïve bayers (NB)
	fL= 0, usekernel = TRUE, adjust = 1

	Neural network (NNET)
	size = 16, decay = 0

	Generalized linear model (GLM)
	parameter = none

	AdaBoost
	nIter = 603, method = real adaboost

	Gradient Boosting Machine (GBM)
	n.trees = 977, interaction.depth = 6,
shrinkage = 0.074864647,
n.minabsinnode = 18

	Multivariate Adaptive Regression Splines (MARS)
	nprune = 16, degree = 1


Table S2 Machine learning models predict relapse based on cancer and immune-related biomarker features.
	
	
	TP
	FP
	TN
	FN
	Accuracy
	95% CI 
	Sensitivity
	Specificity
	AUC
	Precision

	Training set
	XGBoost
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	Random Forest
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	SVM
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	KNN
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	Naive Bayes
	263
	73
	344
	20
	0.867 
	0.840, 0.891
	0.945 
	0.783 
	0.864 
	0.825 

	
	Neural Network
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	GLM
	288
	48
	327
	37
	0.879 
	0.852, 0.902
	0.898 
	0.857 
	0.878 
	0.872 

	
	AdaBoost
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	GBM
	336
	0
	364
	0
	1.000 
	0.995, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	MARS
	289
	47
	337
	27
	0.894 
	0.869, 0.916
	0.926 
	0.860 
	0.893 
	0.878 

	Testing set
	XGBoost
	72
	1
	76
	1
	0.987 
	0.953, 0.998
	0.987 
	0.986 
	0.987 
	0.987 

	
	Random Forest
	72
	1
	77
	0
	0.993 
	0.963, 1.000
	1.000 
	0.986 
	0.993 
	0.987 

	
	SVM
	71
	2
	76
	1
	0.980 
	0.943, 0.996
	0.987 
	0.973 
	0.980 
	0.974 

	
	KNN
	72
	1
	74
	3
	0.973 
	0.933, 0.993
	0.961 
	0.986 
	0.974 
	0.987 

	
	Naive Bayes
	58
	15
	73
	4
	0.873 
	0.809, 0.922
	0.948 
	0.795 
	0.871 
	0.830 

	
	Neural Network
	73
	0
	77
	0
	1.000 
	0.976, 1.000
	1.000 
	1.000 
	1.000 
	1.000 

	
	GLM
	62
	11
	65
	12
	0.847 
	0.779, 0.900
	0.844 
	0.849 
	0.847 
	0.855 

	
	AdaBoost
	72
	1
	77
	0
	0.993 
	0.963, 1.000
	1.000 
	0.986 
	0.993 
	0.987 

	
	GBM
	72
	1
	77
	0
	0.993 
	0.963, 1.000
	1.000 
	0.986 
	0.993 
	0.987 

	
	MARS
	62
	11
	70
	7
	0.880 
	0.817, 0.927
	0.909 
	0.849 
	0.879 
	0.864 


TP: True Positive; FP: False Positive; TN: True Negative; FN: False Negative
