Table S1. Features for the phase parametric candidates of machine learning models.
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Table S2. Features for the mechanical parametric candidates of machine learning models.
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Table S3. The specifically designed parameters of Gaussian Processes models.

Output Parameters

'Crossval', 'on'; 'Fitmethod', 'exact'; 'ComputationMethod', 'qr'; 'Sigma’, 0.025; 'Regularization’,

System Energy
0.1; 'PredictMethod', 'exact’
'Crossval', 'on'; 'Fitmethod', 'exact'; 'ComputationMethod', 'qr'; 'Sigma’, 0.025; 'Regularization’,
Cell Volume
0.01; 'PredictMethod', 'exact'
'Crossval', 'on'; 'Holdout', 0.3; 'Fitmethod', 'exact'; 'ComputationMethod', 'qr'; 'Standardize',
Young’s Modulus true; 'BasisFunction', 'linear'; 'KernelFunction', 'ardsquaredexponential'; 'PredictMethod',
'exact'; 'ConstantSigma', true; 'Sigma’, 0.02; 'Regularization’, 0.06; 'BasisFunction', 'constant'
'Crossval', 'on'; 'Holdout', 0.2; 'Fitmethod', 'st'; 'ComputationMethod', 'qr'; 'Standardize', true;
Bulk Modulus 'KernelFunction', 'ardsquaredexponential'; 'PredictMethod', 'st'; 'ConstantSigma', true; 'Sigma’,
0.003; 'BasisFunction', 'linear'
'Crossval', 'on'; 'Fitmethod', 'none'; 'KernelFunction', 'exponential'; 'BasisFunction', 'none';
Shear Modulus

'ComputationMethod', 'v'; 'ConstantSigma', false; 'Regularization', 0.01; 'PredictMethod', 'st'
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Figure S1. The (a) MSE, (b) regression figures and (c) ARE of five outputs ML models trained with ER, SVM and GP

algorithms.



