Table S1. Hyperparameter search spaces and selected values
	Component
	Hyperparameter
	Search space
	Best hyperparameters

	SVR
	Kernel
	{linear, rbf}
	linear

	
	C
	log-uniform [1e-3, 1e3]
	0.2317

	
	ε (epsilon)
	uniform [0.01, 1.0]
	0.1068

	XGBoost
	learning_rate
	[bookmark: _GoBack][0.01, 0.30]
	0.0126

	
	max_depth
	{3,…,10}
	3

	
	n_estimators
	{50,…,500}
	175



Table S2. Cross-validation and training protocol
	Item
	Setting

	Data split
	80/20 train/test (random_state = 2025, shuffle = True)

	Inner validation
	10-fold CV (KFold, shuffle = True, random_state = 2025)

	Preprocessing
	StandardScaler fit-on-train-fold; apply-to-val/test; SG smoothing on targets within folds

	Tuning
	Optuna, n_trials = 50, objective = mean CV R² (maximize), Optuna v.4.1.0

	Stacking
	OOF predictions from tuned SVR & XGBoost → LinearRegression meta-learner

	Determinism
	numpy/sklearn/XGBoost seeds = 2025

	Software
	Python 3.9.21; scikit-learn 1.2.2; XGBoost 2.1.4; Optuna v.4.1.0

	Reporting
	R², MSE, MAE, RMSE (RMSE in GPa for modulus; MPa for strength) as mean ± SD across folds; 80/20 hold-out as a sanity check








Table S3. Ablation study (mean ± SD over 10-fold CV)
	K-fold
	TS Modulus
	TS Strength

	
	R2
	MAE
	R2
	MAE

	1
	0,963
	0,294
	0,878
	1,321

	2
	0,931
	0,427
	0,916
	1,370

	3
	0,859
	0,467
	0,864
	1,451

	4
	0,795
	0,659
	0,876
	1,120

	5
	0,893
	0,310
	0,882
	1,454

	6
	0,927
	0,489
	0,932
	1,454

	7
	0,974
	0,203
	0,943
	1,241

	8
	0,921
	0,356
	0,926
	1,057

	9
	0,871
	0,844
	0,901
	1,158

	10
	0,828
	0,734
	0,938
	1,171



The stacking model, combining SVR and XGBoost with a linear meta-learner, was evaluated through 10-fold cross-validation. For TS modulus, the model achieved an average R² of 0.896 and an average MAE of 0.478 . For TS strength, the average R² reached 0.906, with a corresponding MAE of 1.280. These results indicate that the model explained nearly 90% of the variance for both targets, demonstrating satisfactory predictive power, particularly for TS strength. However, the dispersion in MAE values for TS modulus suggests inconsistency in error magnitude across folds.
Stability was quantified using the interquartile range (IR) . For R² of TS modulus, IR was 6.5%, reflecting moderate stability. For R² of TS strength, stability was even stronger, with a IR of 3.2% , suggesting consistently high explanatory power across folds.
The results demonstrate that the proposed stacking approach is effective in modeling complex nonlinear relationships even with a limited sample size (n = 65). Overall, the stacking model shows strong potential, with stable explanatory power, but with error stability still constrained by the limited data size. These findings highlight both the promise and the limitations of advanced ensemble methods in small-sample regression contexts.
Table S4. Hold-out performance (80/20 split; random_state = 2025)
	Model variant
	Target
	R² (test)
	MAE (test)
	MSE (test)

	Linear Regression
	TS modulus
	0,883868
	0,504164
	0,398355

	Linear Regression
	TS strength
	0,568624
	2,899705
	11,79736

	Random Forest
	TS modulus
	0,874884
	0,504765
	0,429171

	Random Forest
	TS strength
	0,681239
	2,156912
	8,717528

	SVR
	TS modulus
	0,892611
	0,510169
	0,368366

	SVR
	TS strength
	0,652701
	2,14808
	9,49799

	XGBoost
	TS modulus
	0,871569
	0,510301
	0,440542

	XGBoost
	TS strength
	0,660158
	2,25192
	9,294066

	ANN
	TS modulus
	0,888989
	0,475213
	0,380788

	ANN
	TS strength
	0,684212
	2,11688
	8,636221

	Proposed method
	TS modulus
	0,880859
	0,518966
	0,408676

	Proposed method
	TS strength
	0,906818
	1,359051
	2,462654



Table S4 presents the performance of various models for predicting TS modulus and TS strength after StandardScaler preprocessing. Key performance indicators include the coefficient of determination (R²), mean absolute error (MAE), and mean squared error (MSE).
For TS modulus, most models demonstrated comparable performance, with SVR achieving the highest R² (0.8926), closely followed by ANN (0.8890) and the Proposed method (0.8809). Although the Proposed method did not surpass the best-performing SVR in this task, it remained competitive and within 1.3% of the top R² score.
In sharp contrast, for TS strength, the Proposed method exhibited a decisive and transformative improvement, achieving an R² of 0.9068, far surpassing all baseline models (e.g., ANN: 0.6842, Random Forest: 0.6812, SVR: 0.6527). Moreover, the MAE was drastically reduced to 1.3591 (–53% compared to ANN and –53% vs Random Forest), while the MSE was lowered to 2.4627 (a reduction of nearly 80% compared to Linear Regression: 11.7974).
This remarkable performance indicates that the Proposed method effectively captures the complex nonlinear relationships that govern TS strength, which traditional and even advanced machine learning models struggled to learn.
